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ABSTRACT 
 
Research suggests that in North America, soybean Relative Maturity (RM) is 
controlled by a minimum of eight genetic loci labeled E loci. The amount of variation 
explained by these genes would suggest that accurate predictions for RM could be 
obtained using prediction models that only include allele effects for markers located near 
the major E genes. Having the ability to accurately predict the RM of a segregating 
breeding line using genetic information has the potential to positively impact both the rate 
of genetic gain and cost per unit of genetic gain within a breeding program by enabling; 
1) prediction of RM in segregating progeny from crosses between parents with large 
differences in RM; 2) selection of segregating lines with appropriate RMs in non-adapted 
off season nurseries; 3) increased selection intensities of segregating lines assigned to 
field trials; and 4) cost reduction of replicated field trials. The objectives of this research 
then was to; 1) compare the accuracy of RM prediction using genome wide markers 
versus using prediction models containing only molecular markers significantly 
associated with RM; 2) validate that prediction accuracies were maintained when 
predictions were made for segregating lines not only having distant relationships to those 
in the original training dataset, but also developed and grown outside of the years of the 
segregating lines in the original training dataset; and 3) evaluate if the prediction 
accuracies and associated genotyping costs support wide scale RM prediction within a 
soybean cultivar development program. 
In effort to determine if the RM of a segregating soybean breeding line could be 
predicted using genetic information, we developed a training dataset that consisted of 
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1,244 F4 derived advanced stage segregating soybean lines having known RMs ranging 
from RM 1.3 to 8.0 that were genotyped with 1,817 genome wide single nucleotide 
polymorphism (SNP) markers. The segregating lines were selected from multiple families 
that were the result of hundreds of breeding crosses made over multiple years in a 
soybean cultivar development program. The data were utilized to determine allele effects 
for four prediction models, two models that represented traditional Marker Assisted 
Selection (MAS) approaches using only markers associated with known E genes or within 
regions of the genome thought to influence RM (specific E-gene and expanded E-gene) 
and two Genomic Prediction (GP) models with distinct marker densities (full GP model 
and reduced GP model). The GP and expanded E-gene prediction models evaluated in 
the study produced an average across RM prediction accuracy from 0.93 to 0.94 while 
the E-gene specific model prediction accuracy was 0.81. The results indicated that the E 
genes identified in the literature were highly predictive of RM, the greatest prediction 
accuracies however were obtained through the use of whole genome marker panels. 
While the results from the initial research were promising, additional research was 
required to determine if the prediction accuracies could be maintained when predictions 
were made on segregating lines outside of the years of those contained within the original 
training dataset. 
In an attempt to strengthen the prediction accuracies obtained for the early and 
late maturities, the original training dataset was expanded to include a total of 2,194 
segregating lines that were selected from replicated field trials in 2009-2013 having 
validated RM phenotypes that ranged from RM 0.0 to 8.0. All of the 2,194 segregating 
lines within the updated training dataset had previously been genotyped using 1,118 
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genome wide SNP markers. Since it was identified in the preliminary research that 
prediction accuracies were highest when whole genome marker panels were used, only 
a full GP model using allele effect estimates for all 1,118 SNP markers was evaluated in 
this study. The 1,118 SNP marker GP model successfully predicted the RM’s of 1,854 
segregating lines in 2014 and 1,465 segregating lines in 2015.  The estimated correlation 
between predicted RM (RMp) and validated RM (RMv) for all segregating lines was 0.95 
with an average difference between RMp and RMv of 4 days. Prediction accuracies were 
again the lowest for segregating lines with RMv earlier than 1.0 and later than 5.0 which 
we feel was still likely the result of a small number of segregating lines in the training set 
for those RM groups. Alternative metrics including the frequency of RMp within 0.5 of 
RMv, f(|RMp-RMv|≤ 0.5) and the frequency of RMp within 0.25 of RMv, f(|RMp-
RMv|≤0.25) were developed that indicated that across years, 66% of the segregating lines 
had RMp that were within 5 days of their RMv and 39% of the segregating lines had RMp 
that were within 2.5 days or their RMv. The f(|RMp-RMv|≤ 0.5) and f(|RMp-RMv|≤0.25) 
improved to 73% and 46% respectively when only segregating lines with RMv that ranged 
from 1.0 – 5.9 were evaluated. While the results from this second round of research 
proved that genetic information could be used to predict the RM of segregating lines with 
relatively high accuracy across the maturity groups grown within NA, additional analysis 
was required to determine if wide scale implementation could be justified within a 
breeding program. 
In effort to determine if the prediction accuracies and genotyping costs associated 
with predicting the RM of segregating lines using genetic information could be justified for 
wide scale implementation within a breeding program, we evaluated the program wide 
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implementation of RM prediction using basic principles of Operations Research (OR). A 
simple Microsoft Excel based tool termed the Genomic Prediction Evaluation Tool (GPE 
tool) was built that allowed all possible cultivar development scenarios that exist within 
the Iowa State University soybean breeding program to be evaluated to determine both 
Total Program Cost (TPC) and Relative Breeding Design Efficiency (RBDE). Optimal 
breeding designs were those designs that both maximized RBDE while minimizing TPC. 
Two analysis were conducted using the GPE tool. The first analysis (analysis 1) 
determined the total number of years to reach the final year of replicated field trials as the 
number of years from the initiation of crossing to the final year of field trials. The second 
analysis (analysis 2) added a year to the total number of years from crossing to the final 
year of field trials for those designs that utilized a North American summer crossing block, 
thus decreasing associated RBDE. Of the optimal breeding designs identified from both 
analysis, no design was identified that recommended the use of RM prediction to support 
the cultivar development process, the associated cost of implementation was simply too 
high. Slight modifications to the current version of the GPE tool should allow the ISU 
breeding program to identify more efficient breeding designs as compared to the current 
design that has been implemented to date. The GPE in its current version sets the 
foundation to build a tool that will provide soybean breeders the ability to appropriately 
evaluate the potential wide scale implementation of GS to predict complex phenotypes in 
support of soybean variety development. 
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CHAPTER 1  
REVIEW OF LITERATURE 
 
Introduction 
 The soybean [Glycine max (L.) Merrill] is one of the world’s major crops, with about 
33% of the 2011 global production occurring in the United States and an additional 51% 
occurring in South America (American Soybean Association, soy statistics 2012). 
Soybean is grown commercially for both its oil and protein content, the oil found in the 
soybean seed has numerous industrial uses such as printing inks, lubricants and 
alternative fuels while the seed protein is directly consumed by both animal and humans. 
In 2010, over 265 million metric tonnes of soybeans were produced globally, by 2013 total 
global production had risen to over 276 million metric tonnes (Food and Agriculture 
Organization of the United Nations). This increased total global production can be 
attributed to several factors that include: increased global cultivation area, improved 
cultivation practices and improved crop genetics (Specht et al., 1999).Several research 
studies have been conducted in effort to determine the percentage of yield gain achieved 
per year in soybean that is attributable to improved varietal performance (genetics) vs. 
improved cultivation practices. Specht et al., (2014) found that on average, soybean 
yields in the U.S. have increased by about 22 kg ha-1 per year over the past 80 years. 
The research data suggested that of that increase in yield, about two-thirds is due to 
improved genetics and one-third is due to improved cultivation practices. While the data 
demonstrates that there has been a consistent increase in total soybean production every 
year since the mid 1900’s, there is growing concern that with the current population 
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growth rate estimates, the demand for soybean protein and soybean derived products will 
outpace the rate of global production capabilities in the not so distant future. To add 
additional concern, every year a significant amount of crop production acres are being 
lost to urban development, which ultimately implies that increased pressure will be placed 
on meeting growing soybean production demand through improved cultivation practices 
and crop genetics. The intent of this research is to evaluate the use of Marker Assisted 
Selection (MAS) practices to support increasing the rate of realized genetic gain obtained 
within a soybean breeding program through the use of genetic markers to predict soybean 
Relative Maturity (RM). Providing soybean breeders the ability to accurately predict 
soybean relative maturity through the use of DNA markers has the potential to allow them 
to positively impact all factors that influence the rate of realized genetic gain within their 
breeding programs as well as to reduce the total cost per unit of realized genetic gain.  
Realized Genetic Gain 
The objective of a commercial soybean breeding program is to continuously 
maximize the yield performance difference between the latest soybean varieties offered 
for sale to the grower compared to the previous class of commercial varieties offered for 
sale. The change in mean yield performance between the two variety classes is known 
as realized genetic gain. In order for soybean breeders to consistently make 
improvements in realized genetic gain for yield within their breeding program, they must: 
1) maintain a sufficient level of beneficial genetic diversity; 2) develop a breeding process 
that minimizes the amount of time it takes to complete a cycle of selection, with a cycle 
of selection including the creation of segregating populations through the crossing of 
parental lines, development of individual genotypes for evaluation, evaluation of those 
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genotypes and selection of superior lines for use as parents to create new segregating 
populations (Fehr 1987); and 3) Develop phenotyping capabilities that allow accurate 
yield testing, providing the highest level of confidence that superior genotypes (lines) will 
be identified for advancement and ultimately commercialization within the breeding 
program.  
Providing soybean breeders the ability to accurately predict RM using marker data 
would allow for the increase of beneficial genetic diversity through the mating of parental 
lines having wide RM differences. The progeny resulting from these types of crosses 
would display a large range of RMs. Targeted progeny selection, based on a desired RM 
could occur in early breeding generations through the use of RM prediction. To date, and 
in most breeding programs, this soybean germplasm development approach has not 
been implemented on a large scale due to associated operational and plant biology 
complexities. It has been much more typical for soybean breeders to mate parental lines 
having similar RMs which can, and in many cases has led to reduced total genetic 
variation within RM groups as compared to the total genetic variation seen across a range 
of RM groups. In addition, gaining a detailed understanding of the genomic regions that 
influence soybean relative maturity, through RM prediction analysis, would allow the 
breeder the ability to convert the highest yielding (elite) soybean varieties with RMs 
outside the range of those supported by their breeding program to a RM suitable for their 
breeding programs geography.  
Marker assisted inbred conversion could be utilized to facilitate converting a 
breeding programs most elite lines from their current RM to a predetermined RM while 
leaving the rest of desirable allelic combinations in the genome intact, potentially 
4 
 
expanding the longevity, sales geography and financial impact that these elite lines could 
have. RM prediction could also be utilized to reduce total breeding cycle time and 
breeding cost via allowing progeny increase rows to be grown in non-target, yet highly 
cost effective off season nurseries. This process has not occurred in breeding programs 
to date, as progeny rows have needed to be grown in target environment breeding 
nurseries in order to allow for estimates of RM to be taken on each line. Due to the limited 
seed amounts available for planting progeny rows, the first RM estimates for new 
breeding lines are obtained by evaluating those lines in short length rows at only one 
testing location which often leads to RM accuracies that may be low. Lines advanced 
from these progeny increase rows are then placed into first year replicated yield trials 
based off of their respective RM estimates with the goal of placing lines into a trial that 
have very similar and ideally the same RM allowing for true yield comparisons to be made. 
Due to the poor estimates obtained for RM in the progeny increase rows, a significant 
range of maturities is typically seen in first year replicated yield trials which forces 
breeders to fill expensive testing slots with multiple yield for maturity checks in order to 
span the spread of RMs seen for the experimental entries. Accurate RM prediction would 
allow breeders to do a better job of placing segregating lines with similar RMs into first 
year replicated yield trials, allowing for more direct comparisons for yield among 
segregating lines and freeing up testing space by reducing the number of yield for maturity 
checks needed in the trial.   
Genetic Diversity within North America Soybean Germplasm 
Today’s commercial varieties of Glycine max. (L.) are derived from the wild species 
Glycine soja. Domestication likely occurred in China thousands of years ago with the crop 
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being brought to North America as recently as 1765 by S. Bowen (Hymowitz, 2005). 
Several genetic bottlenecks undoubtedly occurred during the domestication process and 
today it is widely accepted that as few as 20 ancestral lines compose up to 85% of the 
germplasm base found in North American commercial soybean varieties (Gizlice et al., 
1994). The relatively narrow germplasm base from which todays commercial soybean 
varieties are developed is thought to be one of the contributors to the slow rate of realized 
genetic gain found in the crop. While research efforts have occurred with the intent of 
expanding beneficial soybean genetic diversity through the use of plant introductions as 
crossing parents (Thompson et al., 1998), the reality is the majority of these efforts have 
been largely unsuccessful due to the deleterious allele combinations that are often 
associated with these plant introductions. Lack of genetic diversity in North American 
germplasm is further compounded by the fact that only a handful of private commercial 
soybean breeding programs exist today. A continual loss of diversity is constantly 
occurring within these programs due to the relatively minimal amount of germplasm 
exchange that occurs between the companies and the fact that most of the breeding 
efforts within a company’s program are focused on the use of a relatively small set of 
agronomically superior, yet often highly related number of lines during continuous 
breeding cycles (Mikel et al., 2010, Thompson and Nelson, 1998). 
Soybean Relative Maturity 
A soybean plant has two growth phases, vegetative and reproductive. The 
vegetative stage begins with plant emergence when the cotyledons are visible above the 
soil and continues through the formation of the upper branch trifoliate leaves. The 
reproductive stage begins with the initiation of flower bloom and continues through pod 
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maturity when ninety-five percent of pods have reached their harvest maturity color 
(Pederson, 2004). There are several sub-stages in both the vegetative and reproductive 
growth stages of the soybean plant, the specific stages and a brief description of plant 
appearance by stage can be found in Table 1, reference McWilliams et al., (1999) for a 
more detailed definition of each soybean growth stage. 
Soybean is a facultative short-day plant, meaning that the plant’s transition from 
the vegetative growth phase to the reproductive growth phase is a result of the soybean 
plants sensitivity to photoperiod as well as the influence of environmental factors such as 
temperature (Zhao et al., 2016). In North America, commercial soybean varieties are 
grown north to south from Saskatoon, Canada to central Florida, USA, and from the east 
coast of the U.S. to west central Colorado (www.USDA.org, Web, 28 December 2014). 
Due to the soybean plants photoperiod sensitivity, commercial soybean varieties have a 
relatively narrow latitude range for which they are best adapted for growth in order to 
obtain maximum yield. In effort to identify the geographic location for which a commercial 
soybean variety is best suited for growth, the North American soybean production region 
has been classified into twelve soybean maturity zones that range from 000 – IX, 
spanning latitudes from approximately 50o to 25o North latitude. The 000 maturity zone is 
located in southern Canada across Manitoba and Saskatchewan, it has the shortest 
growing season and as such growers in this maturity zone plant the earliest maturing 
commercial soybean varieties. Maturity zone IX is found in southern Florida, it is has the 
longest growing season and as such growers in this maturity zone plant the latest 
maturing commercial soybean varieties. Most maturity zones in North America have 
narrow north to south geographical ranges, covering only a couple hundred kilometers on 
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average, and much larger east to west ranges covering several hundred kilometers on 
average (Pederson, 2004). Maturity zone I for example, spans a north to south 
geographic range from approximately 46o to 43o North latitude and an east to west range 
from 102o to 75o West longitude, maturity zone II spans a geographic range from 43o to 
40o North Latitude and an east to west range from 102o to 72o West longitude. In effort to 
facilitate proper planting placement and ultimately maximize yield potential, commercial 
soybean varieties are classified into Relative Maturity groups that align with the NA 
maturity zones. The number of days from vegetative growth stage VE to reproductive 
growth stage R8 determines a commercial soybean varieties RM. Proper RM 
classification of commercial soybean varieties and proper planting within the NA maturity 
zones allows growers to maximize yield by allowing the soybean plant to maximize both 
vegetative and reproductive growth. Though soybean RM zones span a fairly narrow 
latitude range, within a relative maturity zone there can still be significant differences in 
average day length throughout the growing season. Based off of this challenge, soybean 
varieties are sub-classified within a RM group. On average the range in days to maturity 
within a soybean RM group is ten and as such, the within maturity group rating scale 
ranges from .0-.9. Varieties having a within RM group rating of .0 are the earliest maturing 
varieties within the maturity zone and varieties having a within RM group rating of .9 are 
the latest maturing varieties with the maturity zone.   
Genetics of Soybean Relative Maturity 
 Soybean relative maturity is thought to be under the genetic control of a minimum 
of eight loci named E1-E8, and an additional locus termed the J locus that is responsible 
for “long juvenile period” (Matsumura et al., 2008). The series of E loci are considered 
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“major” genes as they explain the majority of the variation in number of days to maturity. 
A significant amount of research has been conducted to identify the genomic location, 
gene function as well as to clone the genes of interest for each of the E loci in order to 
fully understand the molecular mechanism of flowering and time to maturity within the 
crop.   
E Loci Map Locations 
The tentative map locations for several of the E loci have been identified via QTL 
mapping. Molnar et al., (2003) genotyped subsets of 25 Near Isogenic Lines (NILs) that 
contrasted for the E1, E3, E4 and E7 maturity loci against a set of 430 Simple Sequence 
Repeat Markers (SSRs) designed by Cregan et al., (1999). The initial mapping efforts 
placed the E1 Locus on linkage group (LG) C2 (chromosome 6) linked to the microsatellite 
markers Satt357 (BARCSOYSSR_06_1807) and Satt365. These two SSR markers have 
map locations of 133.35 cM and 111.68 cM on the soybean Consensus 4.0 map and 
soybean 2003 composite map respectively (Grant et al., 2010, http://soybase.org). 
Genotyping of additional NILs strengthened the association with SSR marker Satt365 and 
reduced the association with Satt357. Fine mapping studies were conducted in an effort 
to further localize E1, several additional SSR markers located close to Satt365 were 
screened against the same group of NILs and correlations with relative maturity were 
calculated for each marker. Using an approach similar to deletion mapping the research 
group confirmed that the E1 locus mapped to linkage group C2 and that Satt365 could be 
used as a diagnostic marker to select for the different alleles of the gene.  The tentative 
map location of marker Satt365 on LG C2 based off of the soybean GmComposite2003 
map is 111.68 cM. 
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Screening of the NILs identified multiple locations for the position of the E3 locus. 
Linkage groups H, I, K and L (chromosomes 12, 20, 9 and 19 respectively) were all 
possible locations based upon analysis of 6 NILs (Molnar et al., 2003). Associations in all 
linkage groups except LG L were lost when an additional 6 NILS were added to the 
screening panel. The final results placed the E3 locus on LG L (chromosome 19) between 
the SSR markers Sat_099 (BARCSOYSSR_19_1251) and Satt229 
(BARCSOYSSR_19_1427). The tentative map locations of markers Sat_099 and Satt229 
on LG L based off of the soybean consensus map are 69.12 cM and 78.26 cM 
respectively. 
 Three SSR markers were identified from the NIL mapping that showed 
associations with the E4 locus. The markers Satt367 (BARCSOYSSR_20_0151), Satt587 
(BARCSOYSSR_20_0200) and Satt354 all had significant correlations with the relative 
maturity classifications and were placed on LG I (chromosome 20). Screening of an 
additional 6 NILs broke the correlation with the markers Satt367 and Satt587 while the 
correlation with Satt354 remained. For this reason, the E4 locus is thought to map to LG 
I linked to the SSR marker Satt354. The map location of Satt354 on LG I is 46.22 cM 
based off of the 2003 Composite map.   
A total of three potential map locations for the E7 locus were identified based off 
of the initial NIL mapping efforts. Linkage groups C2, H and L (chromosomes 6, 12 and 
19 respectively) were all possible genomic locations. The correlations remained with all 
three of the locations even after increasing the number of NILS that were screened so the 
researchers looked for correlations with additional markers on each of the linkage groups. 
No correlations were identified between additional markers and the E7 locus when more 
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markers were screened from LG H and L. Three additional SSR markers were screened 
from LG C2 and all remained correlated with the E7 locus. Based off of this screening 
process, the proposed location of the E7 locus is on LG C2 identified by the SSR markers 
Satt100 (BARCSOYSSR_06_1202) and Satt319 (BARCSOYSSR_06_1301).  The map 
locations of Satt100 and Satt319 based on the soybean GmConsensus40 consensus 
map are 102.94 and 103.19 cM respectively.  
In an attempt to further characterize the genetic model for extremely early soybean 
maturities, Cober et al., (2010) characterized 18 lines having known relative maturities 
earlier than that of the Harosoy isoline OT-94-47, which contained the early alleles at all 
previously known E loci. The 18 lines characterized in this study were genotyped against 
a set of 78 SSR markers selected from the soybean consensus map with a selection bias 
to ensure selected markers covered both the known maturity loci as well as provided 
sufficient genome wide coverage. Three candidate map locations were identified as 
potential locations for the novel E loci. The first candidate region mapped to LG C1 
(chromosome 4) close to the SSR marker Satt361 (BARCSOYSSR_04_0777),  the 
second candidate region mapped to LG L (chromosome 19) close to SSR marker Satt313 
(BARCSOYSSR_19_0788), the third candidate region mapped to LG L (chromosome 19) 
as well near SSR marker Satt166 (BARCSOYSSR_29_1195), unlinked to Satt313. A 
genetic test population was created in order to determine the Mendalian inheritance 
pattern of the new E loci. A total of 201 F3:4 plants from the cross Maple Presto x OT98-
17 were  classified for maturity in a field environment, 150 lines were scored as being late 
maturing and 51 lines were scored as being early maturing, the observation fit a 3:1 
segregation ratio confirming control by a single gene dominant gene. The researchers 
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then screened a population of 38 F2 lines from the cross of OT98-17 x OT94-47 against 
15 SSR markers from the proposed candidate regions in effort to allow further localization 
of the new E locus. Based off of updated analysis, the locus grouped strongly with the 
markers from LG C1 with the SSR marker Satt161 showing the strongest correlation, 
Satt161 has a map location at 45.99 cM on the soybean consensus 40 map. The Soybean 
Genetics Committee assigned this new maturity loci the gene symbol E8e8. 
An extensive literature review found no documentation referencing known map 
locations for soybean maturity genes E5 and E6. 
E Loci Gene Function 
In effort to determine the molecular basis of the E1 locus, Zhengjun et al., (2011) 
screened 13,761 F2:5 seeds developed from a cross between two Near Isogenic lines 
Harosoy-E1 and Harosoy that differed for alleles at the E1 locus. The F2:5 seed was 
derived via self-pollination of F2:4 plants identified as being heterozygous for a 289-kb 
genomic region that contained the E1 loci. Ten lines out of the 13,761 F2:5 lines screened 
were identified as containing key crossovers within the genomic region. The E1 genotype 
of each of the 10 recombinant inbred lines was determined through phenotypic evaluation 
of progeny for flowering time in a field environment. Two genetic markers were identified 
that co-segregated with the E1 locus allowing the gene to be further localized to the region 
between these markers.   In two physical contigs built from two independent Bacterial 
Artificial Chromosome (BAC) libraries a single intron free gene was consistently identified 
for the dominant E1 genotype. A single missense point mutation occurred in the coding 
region of E1 leading to a substitution of threonine for arginine in two lines carrying the 
recessive e1 allele. Comparison of transcriptional profiles of soybean seedlings derived 
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from the E1 NILs showed that the E1 locus suppresses flowering by mediating the 
expression levels of GmFTs which are homologues of the Arabidopsis FLOWERING 
LOCUS T (FT). In Arabidopsis the FT protein is a main component of florigen which is 
responsible for flowering promotion and is likely to be involved in the phytochrome A 
signaling pathway. Based off of this information, it is proposed that E1 is part of a 
phytochrome signaling pathway in soybean. 
Watanabe et al., (2011) utilized Residual Heterozygous Lines (RHLs) in an effort 
to conduct map based cloning to identify the gene responsible for the E2 (FT2) locus. A 
population of 156 Recombinant Inbred Lines (RILS) was created by crossing  
Misuzudaizu, a line that contains the early flowering allele for E2, to Moshidou Gong 503, 
a line which contains the late flowering allele for E2. All RILs were screened in order to 
determine phenotype, one RIL, 6-8, was found to be heterozygous for a genomic region 
containing the E2 locus. The RIL was allowed to self-pollinate in order to create and allow 
identification of NILs fixed for contrasting alleles at the E2 locus in order to allow 
construction of a physical contig around the E2 locus. Amplified Fragment Length 
Polymorphism (AFLP) markers were screened against the NILs in order to identify 
markers tightly linked to E2 locus. A total of five out of greater than 4,000 AFLP markers 
that were screened showed polymorphism between the NILs that had contrasting 
phenotypes for the E2 locus. The five AFLP markers were then converted into three 
Sequence Characterized Amplified Region (SCAR) markers that were screened against 
two independent genomic DNA libraries. A total of 10 Bacterial Artificial Chromosome 
(BAC) clones were identified from the library screening and a physical contig was 
developed for the region in order to identify DNA markers to allow fine mapping. A 
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population of 888 plants was created by self-pollinating RHLs, RHLs 6-8, and screened 
against seven DNA markers developed from the BAC sequences. Of those markers, four 
markers showed recombination in a total of 45 out of the 888 plants screened. 
Segregation ratios and ratio of total genetic variance explained by the locus was 
consistent with a trait being controlled by a single QTL. Of the four markers screened, 
statistical analysis indicated that the QTL was closest to one of the four markers screened 
which indicated the E2 locus was restricted to a single BAC clone. Nine annotated genes 
were predicted in the BAC clone region, one of the genes, Glyma10g36600, showed a 
high level of similarity to the GIGANTEA (GI) gene which is known to cause drastic 
changes in flowering phenotypes in other plant species when loss of function occurs, for 
that reason Glyma10g36600 was considered a strong candidate for the E2 locus. The 
complete predicted coding sequence was isolated from RNA obtained from leaves of NILs 
6-8 containing the wild type phenotype and was termed GmGIa. The coding sequence of 
GmGIa contained 14 exons. Comparison of the sequences between early flowering allele 
and the later flowering allele allowed for detection of a single nucleotide polymorphism 
(SNP) occurring in the 10th exon that lead to a truncated GI protein. In order to validate 
that the mutation in the 10th exon in the GmGIa gene was responsible for the early 
flowering phenotype, a mutant line developed from mutagen treated libraries was 
screened for its genetic sequence for GmGIa and compared to that of the known wild type 
cultivar “Bay”. The sequence for Bay was completely identical to the E2 allele, while the 
mutant line with significantly earlier flowering phenotype showed the same deletion in the 
10th exon, which again produced the truncated GI protein. The results confirmed that a 
mutation in GmGIa gene sequence is responsible for the early flowering phenotype. 
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Watanabe et al., (2009) characterized the E3/FT3 locus through the use of a map-
based cloning strategy in order to confirm the responsible gene.  A population of 156 
Recombinant Inbred Lines (RILS) was created by crossing Misuzudaizu, a line that 
contains the late flowering allele for E3, to Moshidou Gong 503, a line which contains the 
early flowering allele for E3. All RILs were screened in order to determine phenotype, two 
RILs, 1-146 and 6-22, were found to be heterozygous for the genomic region containing 
the E3 locus. Six Residual Heterozygous Lines (RHLs) were identified from the RILs and 
were allowed to self-pollinate in order to create NILs. Two NILs having opposite alleles at 
E3 were identified from each of the RILs, as well as 7 progeny plants from the RHL 1-
146, that were heterozygous for the E3 locus. Seeds obtained from these plants were 
bulk harvested in order to develop a population of 897 plants that could be used to support 
fine mapping efforts. Bulked segregant analysis (BSA), as well as screening of markers 
using the NILs 6-22 and 1-146, was conducted in effort to identify AFLP markers that 
were tightly linked to the E3 locus. Out of 4,096 primer pairs screened, only six showed 
consistent polymorphism between the contrasting E3 genotypes. The AFLP markers were 
converted to SCAR markers that were screened against two independent genomic DNA 
libraries allowing the identification of one BAC and one Transformable Artificial 
Chromosome (TAC) clone that were sequenced in effort to development additional 
markers to allow further localization of the E3 locus via fine mapping.  A total of six DNA 
markers were screened against the 897 plants developed for fine mapping. In 883 of the 
plants screened, no recombination occurred between the markers. Segregation ratios fit 
a 1:2:1 segregation pattern suggesting that a single QTL in the region controlled the trait 
which accounted for 70.9% of the total variation seen for days to maturity. Out of the 897 
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plants screened, 14 did show recombination between the markers. The genotypes of 
these lines matched the predicted genotype obtained from the marker that corresponded 
to TAC clone GM_TMiH_H17D12, suggesting the gene was restricted to the region 
covered by this clone. Eleven genes were proposed to be located in the region based off 
of the Rice Genome Annotation System (http://ricegaas.dna.affrc.go.jp/). One of the 
genes, referred to as GmPhyA3, showed high similarity to a gene previously known to 
encode phytochrome A, which is likely involved in photoperiodism and as such was 
considered to be the lead candidate gene for the E3 locus. In effort to confirm that 
GmPhyA3 was indeed the gene responsible for the flowering time QTL E3, a mutant line 
identified through screening of mutant libraries was found to contain a 40bp deletion in 
the first exon of the GmPhyA3 gene. The mutant line was compared to the wildtype line 
“Bay” and was found to flower 15 days earlier than Bay when grown under extended 
mercury-vapor lamps with high red/far-red conditions demonstrating that GmPhyA3 was 
indeed the gene responsible for the E3 locus.   
In effort to characterize the E4 locus, Liu et al., (2008) analyzed nucleotide 
sequences of genomic DNA containing the entire regions of soybean phyA genes in two 
lines; TK780, a Glycine max photoperiod insensitive line and Hidaka 4, a Glycine soja 
photo period sensitive line in effort to find polymorphism in the phyA gene that could be 
used to confirm that E4 is in fact a phyA gene. The phyA gene sequences were isolated 
in the lines via multiple steps of PCR amplification. Two DNA fragments were identified 
and the corresponding gene paralogs were designated as GmPhyA1 and GmPhyA2. The 
cDNAs of these genes were isolated via RT-PCR using RNA extracted from etiolated 
tissues. Comparisons between DNA and cDNA sequences revealed that the genes 
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contained fours exons which were similar to PhyA genes found in other plant species. In 
addition, the amino acid sequences of the genes displayed high similarity to those found 
in other plant species. The GmphyA1 and GmphyA2 genes were further isolated from the 
lines TK and two NILs for the E4 locus, 130S and 1130I, all of which had known genotypes 
at the E4 locus. The structure of the Gmphy1A gene from TK was nearly identical to that 
of H4 however the sequence of GmphyA2 was quite different, as a sequence of 6,238 
basepairs (bp) was found to be inserted into the gene 692 bp away from the start codon 
in TK and 130I which both harbored the e4 allele. The insertion of the 6,238 bp segment 
was further confirmed by screening the DNA sequence of two sets of additional NILS for 
the E4 locus: Harosoy and Harosoy-e4 and Harosoy-e3 and Harosoy-e3e4. Results 
confirmed that plants carrying the e4 allele contain a 6,238 bp insertion in exon 1 of the 
GmphyA2 gene. Further analysis confirmed that lines containing the e4 allele possess a 
Ty1/copia like retro transposon in exon 1 resulting in a stop codon that leads to the 
production of a truncated protein lacking a chromophore-binding site as well as other 
cassettes necessary for phyA function. Together this information strongly suggests that 
the E4 locus encodes GmphyA2 and that the Ty1/copia-like retro transposon disrupts the 
function of GmphyA2 in soybean lines containing the e4 allele.  
An extensive literature review found no documentation referencing known gene 
functions for soybean maturity genes E5-E8. 
Genomic Selection 
 Genomic Selection (GS) is a form of marker assisted selection (MAS) that utilizes 
genetic information from a large number of genome wide DNA markers to estimate a 
Genomic Estimated Breeding Value (GEBV) (Goddard and Hayes, 2007). The use of 
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large genome wide markers sets in GS theoretically ensures that at least one marker is 
in linkage disequilibrium with every possible Quantitative Trait Loci (QTL) associated with 
the trait of interest. GS is different from more traditional Linkage and Association mapping 
MAS approaches which focus on the identification of desirable alleles from only those 
marker loci that meet a significance threshold for being associated with the trait of interest. 
In these approaches, allele effects are set to zero for loci that fall below the minimum 
significance threshold, which ultimately limits the amount of total genetic variation that is 
able to be explained for the trait being researched. Meuwissen et al., (2001) was the first 
to propose that a better weighting of genetic information should be used in MAS than 
simply setting the effects of loci that fall below the minimum significance threshold to zero, 
GS was proposed as a MAS method that could be utilized to overcome the shortcomings 
of these traditional MAS approaches. GS involves the use of a discovery dataset, referred 
to as a “Training Dataset”, to develop a predictive model. The Training dataset (TS) 
consists of data on genotypic entities (mostly homozygous lines in the case of soybean) 
with precise estimates of Phenotypic and Genotypic characteristics. The Genotypic 
characteristics in the TS consist of a dense set of marker loci that are spread across the 
genome with the total number of markers ranging from several hundred to tens of 
thousands. Numerous technologies exist today that allow cost effect genotyping at high 
marker density. The accuracy of genotypic scores while high for all technologies, is 
dependent upon the genotyping system utilized. The Illumina GoldenGate genotyping 
technology, for example, has been found to have a Mendalian inconsistency rate of less 
than 0.1% (Illumina, San Diego, CA, USA, Oliphant et al., 2002). As previously 
mentioned, the use of high density genome wide markers in GS allows for the maximum 
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number of QTL associated with the trait of interest to be in linkage disequilibrium with at 
least one marker. This ensures that the majority of, and possibly all, QTL effects will be 
captured by the markers (Heffner et al., 2009) and thus maximizes the amount of genetic 
variation that is able to be explained for the trait of interest.  The phenotypic and genotypic 
information made available by the TS is then used to estimate the allelic effects for every 
marker screened against the individuals in the TS (Heffner et al., 2009). The large number 
of marker effects that need to be estimated in support of GS poses an analysis challenge 
when a standard least squares regression analysis is utilized, which has been the 
standard analysis method utilized for most traditional MAS approaches. The high marker 
densities result in a situation where the number of marker allele effects that need to be 
estimated is larger than the number of lines with phenotypic data available from which to 
estimate the effects (number of predictors (p) is larger than the number of estimators due 
to small sample size (n)). This means that there are not enough degrees of freedom 
available to fit all marker allele effects simultaneously (Meuwissen et al., 2001). The large 
p, small n challenge associated with GS can be overcome by generating Best Linear 
Unbiased Predictions (BLUPs) of allele effects when running a least squares regression 
analysis or by utilizing alternative models (analysis algorithms) such as Bayesian models 
that assume that the variance explained by marker loci are assumed to come from 
specified prior distributions (Meuwissen et al., 2001).  
A detailed review of all GS models and associated analysis algorithms is out of 
scope of this research project, however a general overview is presented in the following 
section. A thorough review of GS models can be obtained by referencing Howard et al., 
(2012) and Desta et al., (2014).  Once the genomic prediction (GP) model is generated 
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through the use of the TS, a predicted phenotype (GEBV) can be generated for new 
individuals outside of the TS that only have genotypic data available. Since all marker 
effects are used to estimate GEBVs, GS has been proposed as an effective MAS 
approach for use when selecting for complex traits controlled by multiple QTL with very 
small effects (Heffner et al., 2010). Depending on the accuracy of the predictions 
generated by GS, phenotypic predictions have the possibility to be used in place of actual 
phenotyping of lines at certain stages of the plant breeding process. This practice has the 
potential to result in decreasing the cost per unit of genetic gain as well as accelerating 
the amount of genetic gain per unit time in a plant breeding program (Heffner et al., 2011).   
Genomic Prediction Algorithms 
There are numerous algorithms that can be utilized to generate predictions in 
support of GS, a few of the more well-known Genomic Prediction (GP) algorithms that 
have been referenced multiple times in the literature are Ridge Regression BLUP (RR-
BLUP), Bayesian Regression, Decision Tree Learning, Random Forest and Step Wise 
Regression. RR-BLUP is a penalized form of a regression used in genomic selection that 
can simultaneously generate effects for all markers screened against the training 
population (Hoerl and Kennard, 1970).  RR-BLUP analysis assumes that markers 
screened against the TS are random effects, each having equal variance (Meuwissen et 
al., 2001). Having equal variance does not mean that all markers have equal effect in the 
model, RR-BLUP significantly penalizes markers with large effect and in the end shrinks 
all marker estimates towards zero. Bayesian Regression analysis models assume that 
each marker has its own variance and in some cases allows for markers to have zero 
effect. In addition, Bayesian Regression models use information from prior distributions 
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of variances as well as that of the TS to generate the predictive models (Meuwissen et 
al., 2001). The Bayesian Regression model, Bayes A, predicts an effect for every marker 
but allows each marker to have a different variance. The Bayesian Regression model, 
Bayes B, not only allows for different marker variance but allows some markers in the 
model to have no effect, making the assumption that traits are controlled by a non-infinite 
number of QTL with the total number of QTL likely being smaller than the number of 
markers when a high density marker panel is used, thus not all markers would be in 
Linkage Disequilibrium (LD) with a QTL.  The Decision Tree Learning model is a non-
parametric model used in data mining with the goal of creating a model that predicts the 
value of a target variable based on several input variables. Decisions trees are decision 
support tools that develop a tree like model of decisions and possible decision 
consequences in order to develop a strategy most likely to reach a goal. Decision Tree 
learning uses a decision tree as a predictive model, Random Forest algorithms works by 
building multiple decision trees in order to improve the classification rate or accuracies of 
predictions. Step Wise Regression is a statistical analysis procedure based on least 
squares regression that individually tests each marker to determine if it should be included 
in a predictive model based off of meeting an arbitrary significance threshold. Step Wise 
Regression is one of the analysis methods used to identify significant QTL in Linkage and 
Association mapping and this means as previously discussed, some and typically many 
of the markers will have effects set to zero. While by definition predicting phenotype from 
genetic data using this model is not GS as not all markers are used in the predictive 
model, it has been used to generate GEBVs with low accuracy from GS training 
populations (Meuwissen et al., 2001).  
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Prediction Accuracies Comparing Genomic Prediction Models 
Numerous studies have been conducted in an effort to determine the best GP 
 algorithm for use when predicting the phenotypic value of an individual. Heffner et al., 
(2011) compared prediction accuracies for four GP models including RR-BLUP, Bayes A, 
Bayes B and Bayes Cπ. The models were used to generate predictions for 13 phenotypic 
traits to include grain yield in winter wheat using a TS composed of 374 breeding lines 
derived from multiple families with phenotypic data recorded across multiple years. Data 
analysis identified only slight differences in prediction accuracies when comparing the GP 
models and the final conclusion from the group was that prediction accuracies in general 
were not influenced by choice of model.  Asoro et al., (2011) compared prediction 
accuracies between GP models RR-BLUP and Bayes Cπ in oat lines. Both models were 
used to generate predictions for 5 phenotypic traits to include grain yield and heading 
date using a TS that ranged from a minimum of 90 lines to a maximum of 300 lines with 
phenotypes obtained from cooperative testing networks between the years 1994 and 
2007.  Regardless of TS design, the study found that neither GP method performed 
consistently better in regards to prediction accuracy when compared to the other.  
BayesCπ tended to outperform RR-BLUP when TS size was small however differences 
in average accuracy decreased as TS size increased. Bao et al., (2014) compared 
prediction accuracies for the trait soybean cyst nematode female index between GP 
models RR-BLUP, Bayesian LASSO Regression, BayesCπ, Support Vector Machine and 
Random Forest using a TS consisting of 282 soybean accessions that included plant 
introductions, advanced stage breeding lines as well as publically released varieties in an 
effort to determine if GS could be used as an improved marker assisted breeding 
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approach to support selection for complex traits within soybean. Prediction accuracies for 
the GP models ranged from 0.49-0.67 with no statistical differences seen between 
models. The more computationally intensive machine learning models failed to 
outperform the simple additive models such as RR-BLUP. The research data to date 
suggests that when working with quantitative traits that are controlled by additive gene 
interaction the GP model used has minimal impact on prediction accuracy.            
Comparison of Genomic Selection to Traditional Marker Based Selection 
Approaches 
The first studies suggesting that GS would outperform traditional MAS techniques 
when using DNA markers to select for complex traits in plants were conducted using 
simulated data.  Bernardo et al., (2007) simulated data for maize doubled haploid lines in 
effort to compare the response due to selection (measured as yield performance of 
testcross progeny) for GS and MARS (Marker Assisted Recurrent Selection) when the 
MAS techniques were utilized to select lines for intercrossing during two cycles of 
recurrent selection. A range of Cycle 0-2 population sizes, # of DNA markers, # of QTL, 
and trait heritability’s were evaluated in the study.  Identification of markers for use in 
MARS and their associated effects occurred through the use of multiple regression using 
Cycle 0 data only. Relaxed significance levels were utilized when selecting markers for 
use in MARS in effort to maximize selection response.  For GS, breeding values for each 
marker were obtained via BLUP as proposed by Meuwissen et al., (2001). Each simulated 
experiment within the study was repeated 1,000 times with repeats differing for location 
of QTL, genotypes of individuals sampled and their associated phenotypes. Results from 
the repeats were averaged and selection response was expressed in units of the 
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testcross progeny genetic standard deviation in the Cycle 0 base population. Response 
to selection obtained through the use of GS was higher than that obtained through the 
use of MARS regardless of the number of doubled haploids in Cycle 0, number of progeny 
in Cycles 1 and 2, number of QTL, number of markers or level of trait heritability evaluated 
in the study suggesting that GS would perform superior to MARS when using DNA 
markers to select for complex traits in plants.  
A multitude of studies occurred in the years following Bernardo’s research that 
were focused on comparing the range of MAS approaches through the use of phenotypic 
data obtained from active plant breeding programs. Heffener et al., (2011) compared 
prediction accuracies for 13 phenotypic traits in wheat by comparing the phenotypic 
estimates generated using a marker set that was obtained via association mapping using 
only statistically significant markers in the prediction model, to estimates obtained using 
a GS approach. The training population in this study consisted of 374 soft winter wheat 
varieties derived from many different crosses that were phenotyped across two years in 
multiple environments and screened against a set of 1,544 Diversity Array Technology 
markers (DArT). Various numbers of lines and markers were used to conduct the 
association mapping as well as to train multiple GP models in order to determine the 
effect on correlations seen between predicted and true phenotypic values. Results 
showed that regardless of training population size or marker density, the correlations 
between predicted and true phenotypic scores were always higher for GS. More 
specifically, the results showed that the average prediction accuracies using GS were 
28% greater than those generated using only statistically significant markers identified via 
association mapping. Wang et al., (2014) compared prediction accuracies between GP 
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using RR-BLUP and a traditional MAS approach, for four phenotypic traits that included 
grain yield, in two elite hybrid rye populations. The TS utilized in this study consisted of 
220 lines for each of the two populations; population A and population B. Population A 
was genotyped with 394 DArT markers and population B was genotyped with 584 DArT 
markers. Phenotypic data was obtained on both populations across two years and a total 
of nine different testing locations. Significant markers utilized in support of the traditional 
MAS approach were identified through QTL mapping with the software PLABQTL using 
composite interval mapping through regression analysis. Prediction accuracies were 
obtained for both MAS approaches through cross validation of the TS. Comparison of the 
prediction accuracies in both populations showed that GS consistently outperformed the 
traditional MAS approach for all four traits evaluated in the study. Accuracy of prediction 
for grain yield in population A increased from 0.12 using traditional MAS to 0.59 using 
GS. Comparable increases in prediction accuracies were seen for all other phenotypic 
traits regardless of the population analyzed. Zhao et al., (2014) compared prediction 
accuracies obtained between marker-assisted and GS for the phenotypic traits; heading 
time and plant height in a hybrid wheat breeding program. Marker allele estimates were 
generated using a TS that consisted of 1,739 inbred and F1 hybrid winter wheat lines. The 
lines in the TS were phenotyped for the traits of interest in four environments and 
screened against a set of 9K SNP markers using the Illumina Infinium assay (Illumina, 
San Diego, CA, USA), plus four additional functional markers derived from the genes that 
had previously been identified as controlling heading time and plant height. The traditional 
MAS approach utilized in this research involved the use of a single functional marker 
known to explain up to 30% of the genetic variation for heading time and three functional 
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markers known to explain up to 40% of the genetic variation for plant height.  Prediction 
accuracies obtained from the traditional MAS approach were compared to those obtained 
from three GP models; RR-BLUP, BayesCπ and W-BLUP, a modification of RR-BLUP 
that uses specific weights for known functional markers. Accuracy of prediction for 
heading time using the single functional marker was 0.54, the accuracy decreased 
through the use of RR-BLUP and BayesCπ and increased slightly to 0.58 with W-BLUP. 
The accuracy of prediction obtained through the use of functional markers for plant height 
was 0.38 and improved through the use of GP models to 0.39 for RR_BLUP, 0.42 for 
BayesCπ and 0.50 with W-BLUP. These results suggest that the advantage of MAS vs. 
GS is dependent upon the genetic architecture underlying the trait of interest. 
Bao et al., (2014) compared prediction accuracies, via cross validation, between 
two traditional MAS approaches and three GP models in soybean for the phenotypic trait 
cyst nematode female index (FI). Specific concepts regarding the GP models and TS 
were discussed in the previous section of this review. The traditional MAS models used 
in the research were conventional MAS (cMAS) which consisted of a multiple linear 
regression model fitted with two SNP markers set as fixed effects known to be associated 
with the major SCN resistance gene rhg1 and an improved multiple linear regression 
model (iMAS) fitted with the top 35 SNP markers that were identified via association 
mapping in the TS, with the 35 markers fitted as fixed effects. In both traditional MAS 
models marker allele effects were estimated via linear regression and then used to predict 
phenotypes of lines in a validation sample. The average prediction accuracies for the GP 
models ranged from 0.59-0.66, the iMAS prediction accuracy using 35 markers averaged 
0.63, not significantly different than the GP models, while the cMAS prediction average 
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prediction accuracy was significantly lower at 0.49. These results suggest that when 
major genes control a quantitative trait, the utilization of MAS vs. GS to make phenotypic 
predictions depends on the breeding goal and allocated resources.  
Asoro et al., (2013) compared the short term response rates that were obtained 
over two cycles of selection for β-Glucan content when parent selection occurred through 
the use of phenotypic BLUP, GWAS-MAS and GS. The Cycle 0 population in the study 
was composed of 446 Oat lines obtained from various North American breeding programs 
that were phenotyped in the Uniform Oat Performance and Quaker Uniform Oat Nurseries 
from 1994-2007 and genotyped against a set of 2,500 DArT markers of which 866 were 
informative. Three groups of parent lines consisting of twelve lines each, were selected 
from the cycle 0 population for use in crossing to create the subsequent breeding 
generations. Parent selection was made for each group using phenotypic BLUP (group 
1), GWAS-MAS (group 2) based off of 6 markers identified as significantly associated 
with β-Glucan content via association mapping and GP using RR-BLUP(group 3). The 
F2:3 progeny of the crosses made from Cycle 0 selections represented Cycle 1 entries for 
each respective group. Cycle 1 F2 lines were fingerprinted with 675 informative DArT 
markers as previously mentioned and the F2:3 progeny were evaluated phenotypically. 
Parent selection to create Cycle 2 progeny occurred in a similar fashion to the process 
mentioned in cycle 0. Cycle 2 F2:3 were evaluated phenotypically and response to 
selection for β-glucan concentration was calculated for each group in order to determine 
the parent selection method that had the greatest impacted on β-glucan concentration 
over the cycles of selection. The difference in β-glucan concentration when comparing 
groups was small regardless of cycle evaluated. While responses were not significantly 
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different between GS and GWAS-MAS, both outperformed phenotypic BLUP when 
evaluating concentration response seen between Cycle 1 and Cycle 2. The results 
suggest that a substantial advantage of GS would likely be seen if multiple cycles of 
selection could occur within year through the use of non-target, off-season nursery 
locations that inhibit the use of phenotypic selection. 
Results obtained from numerous research studies, to include those reviewed 
above, tend to suggest that while it is likely that GS may represent a MAS method more 
likely to produce higher prediction accuracies compared to those generated by the more 
traditional MAS methods, the best prediction method is often dependent upon the 
quantitative trait of interest. For quantitative traits under the control of a small number of 
QTL with large effects, traditional MAS based predictions may likely be as accurate as 
those from GS. In contract, GS predictions will likely outperform traditional MAS based 
predictions for quantitative traits controlled by many genomic regions with each having 
small effect. 
Research Objectives 
The objectives of this research project were to: (i) evaluate traditional MAS and 
GS approaches for their ability to predict soybean relative maturity across the range of 
maturities in North America when using a TS  consisting of advanced breeding lines from 
multiple families within a soybean breeding program with RM data collected across 
multiple years from multiple testing locations; (ii) Evaluate the accuracy of RM prediction 
for advanced stage segregating breeding lines that are grown in a year outside of that 
covered in the TS; and (iii) Propose MAS approaches for RM that could be used to 
positively impact the rate of genetic gain in a soybean breeding program. 
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Table 1. Description of the vegetative and reproductive stages of soybean growth. 
(McWilliams et al., 1999) 
 
Vegetative Stages Reproduction Stages 
VE- emergence, cotyledons above soil  R1- early bloom, first flower appears 
VC- cotyledon stage, unifoliate leaves 
unrolled and edges not touching 
R2- full bloom, open flowers on main stem at 
uppermost nodes 
V1- first trifoliate leaves unrolled, 
edges not touching 
R3- beginning pod, first pod appears 
V2- second trifoliate leaves unrolled, 
edges not touching 
R4- full pod, pods are almost 1 inch long on 
main stem 
V3- third trifoliate leaves unrolled, 
edges not touching 
R5- beginning seed, first seeds appear inside 
pods 
V4- fourth trifoliate leaves unrolled, 
edges not touching 
R6- full seed, green seeds fill pods to 
capacity on main stem 
V5- fifth trifoliate leaves unrolled, 
edges not touching 
R7- beginning maturity, one pod on main 
stem has reached mature color (tan or 
brown) 
V6- sixth trifoliate leaves unrolled, 
flowering will soon start 
R8- full maturity, ninety-five percent of pods 
have reached harvest maturity color 
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CHAPTER 2 
THE USE OF MARKER ASSISTED SELECTION AND GENOMIC SELECTION TO 
PREDICT SOYBEAN RELATIVE MATURITY 
 
Abstract 
Research suggests that in North America soybean Relative Maturity (RM) is controlled by 
a minimum of eight genetic loci labeled E loci. The amount of variation explained by these 
genes would suggest that accurate RM predictions could be obtained using prediction 
models that include allele effects for markers located near the major E genes. To date, 
no published reports have demonstrated that genetic information has been utilized to 
predict the RM of segregating soybean lines in a cultivar development program. The 
objective of this research was to compare the accuracy of RM prediction using genome 
wide markers versus using only molecular markers significantly associated with RM. We 
genotyped 1,244 F4 derived segregating soybean breeding lines possessing known RMs 
with 1,817 genome wide single nucleotide polymorphism (SNP) markers. The segregating 
lines were selected from multiple families that were the result of hundreds of breeding 
crosses made over multiple years in a soybean commercial variety development program. 
The data were utilized to determine allele effects for four prediction models, two models 
that represented traditional MAS (specific E-gene and expanded E-gene) and two 
Genomic Prediction (GP) models with distinct marker densities (full GP and reduced GP). 
The GP and expanded E-gene prediction models evaluated in this study produced an 
average prediction accuracy across all RMs that ranged from 0.93 to 0.94 while the E-
gene specific model prediction accuracy was 0.81. The results indicate that the E genes 
identified in the literature are highly predictive of RM, the greatest prediction accuracies 
34 
 
however were obtained through the use of whole genome marker panels. While the level 
of accuracy obtained is highly encouraging and suggests that RM can be predicted for 
segregating soybean lines in early stages of the commercial variety development 
process, additional research is required before RM prediction is recommended for 
implementation at scale within the soybean breeding program. 
 
Abbreviations: GP, genomic prediction, GS, genomic selection; fGP model, full genomic 
prediction model;  MAS, marker assisted selection; MG, maturity group; QTL, quantitative 
trait loci; rGP model, reduced genomic prediction model;  RM, relative maturity; RMp, 
predicted relative maturity, RMv, validated relative maturity, SNP, single nucleotide 
polymorphism; SSR, Simple Sequence Repeat; TS, training dataset; VS, validation 
sample 
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Soybean [Glycine max (L.) Merrill] is one of the world’s major agricultural crops 
grown commercially for its oil and protein content. In 2014/15 over 106 million metric tons 
were produced globally (USDA, Foreign Agricultural Service). Soybean is a facultative 
short-day plant (Zhao et al., 2016), during its lifecycle the plant has two growth phases, 
vegetative and reproductive. The vegetative phase begins with plant emergence at stage 
VE when the cotyledons are visible above the soil and continues through the formation of 
upper branch trifoliate leaves that start at stage V1 and continue through V(n) (nth-
trifoliate). The reproductive phase begins with the initiation of flowering at stage R1 and 
continues through full maturity at stage R8 when 95% of the pods on a plant have reached 
their harvest maturity color (Fehr and Caviness, 1977). The transition from the vegetative 
growth phase to the reproductive growth phase is triggered by the shortening of day and 
thus the lengthening of the dark period of night as well as the influence of environmental 
factors such as temperature (Yamanaka et al., 2000, McWilliams et al., 1999).  
Due to the plants photoperiod sensitivity, commercial soybean varieties have a 
relatively narrow latitude range for which they are best adapted for growth in order to 
maximize yield. In an effort to facilitate an understanding of the geographic location for 
which a commercial soybean variety is best adapted, the North America soybean 
production region was originally classified into eleven soybean maturity zones that range 
from 00 – IX (Pederson, 2009). With the expansion of soybean production into western 
Canada to include Manitoba and Saskatchewan, a twelfth maturity zone, 000, has 
recently been created. In attempt to allow growers the ability to identifying the commercial 
soybean varieties that will obtain maximum yield for their specific growing location, 
commercial soybean varieties have been classified into Maturity Groups (MG) that are 
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aligned with the maturity zones. While on average, the geographic north to south range 
within a maturity zone is relatively narrow, there is still large variation in the range of 
average day length seen throughout the growing season within a maturity zone. For this 
reason, soybean varieties have been further sub-classified within MG. On average the 
range in days to full maturity for the soybean cultivars that fall within a soybean maturity 
zone is ten, thus the within MG rating scale ranges from .0-.9. The .0 subgroup is the 
earliest of the within MG ratings and the .9 is the latest. 
 Obtaining accurate relative maturity (RM) estimates of segregating lines during the 
soybean commercial variety development process is of paramount importance. The 
preliminary RM of a segregating line is first established when the line is derived and thus 
identified as a unique segregating experimental breeding line (Figure 1). This process 
occurs by selecting (pulling) plants within families that mature within the maturation period 
of cultivars used as RM checks.  The plant pull process has at least two limitations, 1) the 
number of seeds produced by a single plant selected for advancement is not enough to 
support replicated yield trial tests in the following generation, and 2) the preliminary RM 
classification for each segregating line is biased as it is based on a single plant phenotype. 
In order to obtain sufficient seed quantities required for replicated yield trials, segregating 
lines that are selected during the plant pull generation are planted in a single plant seed 
increase row grown at a single field location in the following generation (Figure 1). The 
single plant seed increase row generation, in addition to allowing for sufficient seed 
quantities to be produced, provides an opportunity for the breeder to obtain a better 
estimate of a segregating line’s true RM prior to placement into replicated yield trials. To 
date, RM estimates obtained during the plant increase row stage of the cultivar 
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development process have been obtained by determining the number of days it takes 
from planting for a segregating breeding line to reach R8 and comparing that to the 
number of days taken for commercial varieties with known RMs. This apparently simple 
process requires that tens of thousands of segregating lines be phenotypically classified 
at locations adapted for the appropriate RMs within a relatively narrow timeframe, limiting 
the use of cost effective, off season nurseries. This process, coupled with the fact that the 
RM estimates are obtained from single plant rows grown at one field location, introduces 
significant error into the phenotypic RM estimates which has large implications in the 
breeding program. The RM estimates obtained from single plant seed increase rows are 
then used to place the segregating lines into first year replicated field trials. Replicated 
field trial experiments carry a significant cost expense thus every effort must be taken to 
minimize the range of RM for entries in the experiment, in order to allow for direct 
phenotypic comparisons. As a result of the error associated with the RM estimates 
obtained from single plant seed increase rows, the typical RM spread that is seen among 
the segregating lines placed as entries within a first year replicated field trial test can be 
greater than a full RM. The RM spread confounds the trial data, making it next to 
impossible for the breeder to identify the top yielding line.  Breeders compensate for this 
challenge by dedicating several entries within a trial to commercial varieties with known 
RMs that cover the RM spread of the segregating line entries they will place within the 
same trial. The commercial varieties serve as yield for maturity checks, theoretically 
ensuring that yield benchmarks are identified across the range of RMs that will exist in 
the segregating lines tested within the trial. The yield for maturity checks consume 
valuable plot entry space within a trial and thus limit the total number of segregating lines 
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that can be tested in first year field trials. The ability to accurately predict the RM of 
segregating breeding lines during their development into replicable lines (F4 derived lines) 
would allow for reduction of the maturity spread seen in first year replicated field trials 
resulting in justifiable yield comparisons as well as the ability to evaluate more 
segregating lines by reducing the number of plots dedicated to yield for maturity checks 
within a field trial.   
Marker assisted selection (MAS) has been utilized to select for quantitative traits 
under the control of a few major genes (Dekkers and Hospital, 2002). The complication 
that is most often associated with traditional MAS methods is having inadequate power 
to both detect and accurately estimate the effect of the QTLs associated with the trait of 
interest. Genomic Selection (GS) is a MAS approach that promises significant 
improvement over traditional approaches when selecting for quantitative traits controlled 
by multiple QTL, each with small effect. GS involves the use of a “training population” that 
contains both genotypic and phenotypic data for the plant or animal species being 
evaluated. The training dataset (TS) is used to derive the allele effects for every marker 
screened on the TS individuals.  The allele effect estimates from each marker can then 
be utilized to generate genomic estimated breeding values (GEBVs) for individuals having 
only genotypic data available. 
Numerous studies have been conducted in both plants and animals that confirm 
the benefits of GS over traditional MAS approaches when selecting for quantitative traits 
under the control of numerous QTL with small effect (Bernardo et al., 2007, Heffener et 
al., 2011, Wang et al., 2014, Zhao et al., 2014).  The benefit of GS over traditional MAS 
is less apparent when the quantitative trait of interest is controlled by a relatively small 
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number of QTL with one or more of those QTL having large effect. In soybean, the 
effectiveness of using MAS vs. GS was compared in the selection of lines with Soybean 
Cyst Nematode (SCN) resistance (Bao et al., 2014). Resistance to SCN is known to be 
under the control of multiple QTL, with one QTL, rhg1, explaining the majority of the total 
variation (Concibido et al., 1997, Glover et al., 2004).  The MAS approaches evaluated 
by Bao et el. (2014) were: i) conventional MAS using a prediction model with 6 markers 
having known associations with  rhg1; ii) an improved form of conventional MAS the 
authors named iMAS that used 35 markers in the predictive model. The markers in the 
iMAS model were identified as having statistically significant associations with SCN 
resistance via association mapping using the data available in the TP; and iii) several 
genomic prediction (GP) models to include ridge-regression best linear unbiased 
prediction, Bayesian Lasso regression, Bayesian Cπ, support vector machine and 
random forrest.  The authors observed that the mean prediction accuracy for the 
conventional MAS with 6 markers was significantly lower than all other MAS models 
evaluated. The iMAS and GP models performed equivalently suggesting that the most 
predictive MAS model is often dependent upon the quantitative trait being evaluated.                                                                          
 The benefit of MAS as compared to GS for use to accurately predict RM is of 
particular interest to this research group as literature suggests that soybean RM is under 
the genetic control of a minimum of eight loci named E1-E8 (Matsumura et al., 2008). The 
series of E loci are considered “major” genes as they explain the majority of the variation 
in the number of days it takes for soybean lines to reach maturity. Significant research 
effort has been conducted to identify the genomic location, gene function as well as clone 
the E genes of interest in order to fully characterize the genetic model for soybean RM. 
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The tentative map locations for E1-E4, E7 and E8 have been identified via QTL mapping 
(Molnar et al., 2003, Cober et al., 2010). To date no published data is available that 
annotates the map locations of E5 and E6. The objectives of the research reported here 
were to: (i) evaluate MAS methodologies for their ability to accurately predict the relative 
maturities of segregating lines in a soybean variety development program, and (ii) 
determine if novel maturity loci exist in addition to the current identified E genes.  
 
Materials and Methods 
Germplasm and Genotyping 
A Training Dataset (TS) was developed that consisted of a population of 1,244 F4:6-
8 advanced stage segregating breeding lines that were selected from hundreds of 
different breeding crosses made over multiple years within a soybean commercial variety 
development program. Seed from all lines were planted in greenhouses and sampled for 
genotyping. DNA was extracted from young leaves using a modified Dellaporta extraction 
protocol (Dellaporta et al., 1983). Genotyping was performed via the Nexar tape array 
based genotyping system using 1,817 Taqman based SNP assays. 
Phenotyping 
  The RMs of the segregating lines in the TS were obtained by collecting 
phenotypic data from first, second or third year replicated field trials during the 2011 and 
2012 growing seasons in North America, with the majority of the phenotypic observations 
obtained in 2012. All segregating lines in the study were part of a cultivar development 
program and as such selection was made on a yearly basis meaning that lines were not 
necessarily phenotyped in both 2011 and 2012. The final RM assigned to each of the 
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segregating lines was the mean of the individual RM ratings taken over the range of 
environments in both 2011 and 2012.  
In the first year of replicated field trials a minimum of 4 commercial varieties with 
known relative maturities are placed into experiments for use as both yield and maturity 
checks. At this initial stage of field trials RM is evaluated on new segregating lines at one 
location with two replications. In the second year of replicated field trials a minimum of 6 
commercial varieties in an experiment are yield and maturity checks with RM taken on 
segregating lines at two locations with two replications per location. In the third and fourth 
years of replicated field trials a minimum of 8 commercial varieties in an experiment are 
yield and maturity checks with RM taken at a minimum of three locations with two 
replications each.  
RM estimates were obtained on individual segregating lines in the TS by recording 
the number of days from planting until a segregating line has reached R8. Days to maturity 
and known RM for the commercial check entries is then used to estimate the RM for the 
segregating lines under the assumption that one day difference in days to maturity is 
equivalent to a change of 0.1 RM, for example if a known commercial variety with an RM 
of 3.0 reaches maturity in 100 days then a segregating line that reaches maturity in 101 
days is assigned a RM of 3.1. The RM of segregating lines that composed the TS ranged 
from RM 1.3 to RM 8.0.  The number of segregating lines per MG in the TS ranged from 
four to several hundred (Table 2). 
Marker Assisted Selection models 
Based on known map locations for the major E genes, two predictive models were 
developed to represent Marker Assisted Selection (MAS) models. MAS models were 
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developed in order to allow for direct comparison to GS because MAS models that utilize 
a relatively small marker set for accurate predictions would be much cheaper to 
implement at scale across the cultivar development program.  The first MAS prediction 
model utilized only SNP markers that mapped closely to known E genes (E-gene 
specific). The list of E genes, chromosome number and associated map locations that 
were utilized in the E-gene specific model are in Table 3. Allele effect estimates were 
obtained by running a Standard Least Squares multiple regression analysis (JMP version 
11 statistical analysis software) using the data available within the TS. A prediction model 
was generated that explained 66% of the variation (Adjusted R2= 0.66) for RM in the TS. 
The second MAS model was created through the identification of SNP markers having 
statistically significant associations with RM through Stepwise Regression analysis using 
the data available in the TS and as such was labeled the expanded E-gene model.  
Stepwise regression analysis was conducted using the statistical analysis software JMP 
(version 11) and minimum BIC. A total of 35 marker loci, which included all SNP markers 
from the E-gene specific model, were identified as having significant association with RM. 
The create model command was then used to generate the mean and allele effect 
estimates for each of the 35 markers. The expanded E-gene model explained 87% of the 
variation (adjusted R2 = 0.87) for RM in the TS.                                                                                                                                                     
GP models 
Numerous studies have been conducted with the intent of identifying the GP model 
that would produce the highest prediction accuracies for quantitatively inherited traits 
(Heffner et al., 2011, Asoro et al., 2011, Howard et al., 2014; Bao et al., 2014). The studies 
indicate that the GP models have little impact on prediction accuracies for complex traits 
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with additive genetic architectures in sample sizes that are typical of most plant breeding 
programs. For this reason, a single GP model was used to predict the RM of segregating 
breeding lines in this study; a non-parametric method using a Random Forest machine 
learning algorithm.  
Linkage disequilibrium is high in soybean as compared to other crops (Bao et al., 
2014) and as such an attempt was made to determine the value (measured as increased 
prediction accuracy) of using dense genome wide marker sets in GS versus utilizing more 
cost effective genome wide marker sets of moderate density. Two marker densities were 
compared using the random forest GP model in this study, the first contained a full set of 
1,817 genome wide markers, termed the full Genomic Prediction (fGP) model and the 
second contained a reduced set of 423 genome wide markers termed the reduced 
Genomic Prediction (rGP) model. Marker selection for the rGP model was based on 
ensuring a uniform distribution of markers with average spacing of approximately every 
10cM across the soybean genome. Map locations for each of the 1,817 SNP markers 
were obtained through the use of a proprietary soybean consensus linkage map. Average 
spacing between markers that composed the rGP model marker set was approximately 
10 cM. The specific number of markers per chromosome as well as the average spacing 
between markers for both the rGP and fGP models can be found in Table 4. 
Cross validation, prediction accuracy and additional metrics 
To ensure inferences were not biased in this research, tenfold cross validation was 
conducted. For each round of cross validation a Validation Sample (VS) was generated 
at random from the TS that consisted on average of a subset of approximately 10% of the 
lines in the TS. Once identified, the lines composing the VS were removed from the TS 
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prior to generating allele effect estimates for the GP models evaluated. Unlike the GP 
models, allele effect estimates were not regenerated for every round of cross validation 
for the MAS models. Marker based prediction accuracy in this study is reported as the 
correlation between predicted RM (RMp) for all segregating lines in the VS and their 
subsequent validated RM (RMv).  While understanding the average prediction accuracy 
across all MGs is highly important, it is as important to understand the within MG 
prediction accuracy. Due to the small sample size that occurred within certain MGs in the 
VS during the cross validation process, prediction accuracy could not always be 
calculated for every MG. In addition, a simple correlation analysis between RMp and RMv 
does not allow the researcher to fully interpret the prediction results, for this reason three 
additional metrics beyond marker based prediction accuracy were generated that we feel 
allow for more insight on potential breeding implications. The additional metrics generated 
in this study were; 1) the absolute difference between RMp and RMv, (|RMp-RMv|); 2) the 
frequency of RMp that were within 0.5 of RMv, (f|RMp-RMv|≤0.5); and 3) the frequency of 
RMp that were within 0.25 of RMv, (f|RMp-RMv|≤0.25). Analysis was conducted for the 
three metrics both within and across all MGs.  
 
Results and Discussion 
Due to the small number of SNP markers used to predict RM values using the E-
gene MAS approaches, segregating lines in the validation samples with missing allele 
scores at any marker were removed from analysis when evaluating the E-gene specific 
model. Segregating lines in the validation samples with missing allele genotypes at three 
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or more SNP markers were removed from analysis when evaluating the expanded E-
gene model.  
MAS model analysis 
The average prediction accuracy across all RMs for both the E-gene specific and 
expanded E-gene models was high at 0.81 and 0.93 respectively. The average |RMp-
RMv| across all RMs for the E-gene specific model was 0.5. The difference decreased to 
0.3 for the expanded E-gene model (Table 5).  The average (f|RMp-RMv|≤0.5) and 
(f|RMp-RMv|≤0.25) across all RMs for the E-gene specific model was 57% and 29% 
respectively, improving to 84% and 52% for the Expanded E-gene model.  The total 
number of predictions by MG group that occurred using the E-gene specific model ranged 
from as few as 3 for MG 8 to as high as 400 for MG 3 and from as low as 4 for MG 8 and 
as high as 358 for MG 3 with the Expanded E-gene model. The average within MG |RMp-
RMv|, within MG (f|RMp-RMv|≤0.5) and within MG (f|RMp-RMv|≤0.25) for each E-gene 
MAS model can be found in Table 6. 
GP model analysis 
Similar to the E-gene MAS models, RM prediction accuracies across RM’s for both 
GP models evaluated in this study was high. The average prediction accuracy across all 
RMs using the fGP model was 0.94, accuracy dropped slightly to 0.93 for the rGP model.  
The average |RMp-RMv| across all RMs for the fGP model was 0.2. The difference 
increased to 0.3 for the rGP model (Table 5).  The average (f|RMp-RMv|≤0.5) and (f|RMp-
RMv|≤0.25) across all RMs for the fGP model was 87% and 65% respectively, dropping 
slightly to 84% and 63% for the rGP model. The total number of predictions by MG group 
that occurred using the GP models ranged from as few 4 for MG 8 to as high as 426 for 
46 
 
MG 3.The average within MG |RMp-RMv|, within MG (f|RMp-RMv|≤0.5) and within MG 
(f|RMp-RMv|≤0.25) for each GP model can be found in Table 6. 
Impact of model on analysis metrics 
While prediction accuracies were high for all models evaluated in this study, the 
mean prediction accuracy of the E-gene specific model was significantly lower than that 
of the expanded E-gene and both GP models. The improved prediction accuracy obtained 
through the use of denser marker sets suggests that there are likely several modifier 
genes beyond the major E genes that influence soybean RM. On average, across the 
range of RMs evaluated in this study there was no significant difference seen in prediction 
accuracy and |RMp-RMv| when comparing the expanded E-gene, rGP and fGP models.  
The fGP model however did show improvement in f|RMp-RMv|≤0.5 and f|RMp-RMv|≤0.25 
when compared to the expand E-gene and rGP models. This improvement has significant 
implications if RM prediction were to be utilized to place segregating lines into first year 
replicated yield trials. The results from this research suggest that the E-gene specific 
model is likely sufficient to be utilized to predict what MG a segregating line would belong 
to, while the expanded E-gene, rGP and fGP models would be best suited to make 
specific RM predictions. While the expanded E-gene model would be the most cost 
effective model to implement at scale within a commercial breeding program in order to 
obtain precise RM estimates, it would also be the model that was most susceptible to 
missing genotypic data. The fGP model while higher cost as compared to the Expanded 
E-gene model was less susceptible to missing data and produced the most accurate RM 
predictions when assessed as the frequency of RMp that were within 0.5 and 0.25 of RMv. 
The additional cost associated with the fGP model could likely be justified if the genetic 
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information obtained could be used to predict a segregating lines performance in regards 
to other key traits such as Iron Deficiency Chlorosis, Sudden Death Syndrome and 
ultimately yield. Additional research is warranted to confirm the usefulness of the fGP 
model to accurately predict RM of segregating lines grown outside of the years 
represented in the TS before RM prediction is recommended for implementation in a 
breeding program. 
 
Conclusions 
In this study we have demonstrated that the RM of segregating soybean breeding 
lines can be predicted with high accuracy using genotypic information. The ability to 
accurately predict RM can positively impact nearly every component of the genetic gain 
equation. RM prediction could be used to increase genetic diversity across the range of 
MGs evaluated throughout the breeding programs by allowing for the crossing of parental 
lines that have large differences in RMs, a process that is not typically done in the majority 
of breeding programs today. Targeted selection for specific RMs could occur within the 
progeny of these crosses early in the cultivar development process. Overall breeding 
cycle time and cost per unit of genetic gain have the potential to be reduced through the 
use of RM prediction to support the process of developing and selecting segregating lines 
prior to costly field evaluations. The RMs of individual plants in segregating populations 
could be predicted allowing plant row increases to occur in non-adapted, cost effective 
nurseries. RM prediction could also be used to increase the selection intensity of 
segregating lines advancing from first year replicated field trials by minimizing the wasted 
placement of segregating lines with inappropriate RMs within a trial. Reducing the RM 
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range of segregating lines within the trial would allow for a more direct yield comparison, 
independent of maturity. While results from this study are promising, follow-up studies 
have been initiated to determine prediction accuracies obtained over multiple years 
across a wider range of soybean maturities.    
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Table 2. Number of segregating lines in the training dataset and average number of lines 
in the ten validation samples for the MAS and GP models by maturity group. 
 
MG/Relative Maturity Range     Number of lines TS   Average Number of lines in VSs  
        E-gene   Expanded E-gene GP 
 
MG 1/RM 1.0-1.9    50     4    3    5  
MG 2/RM  2.0-2.9            293   27  22  29 
MG 3/RM 3.0-3.9            426   40  36  43 
MG 4/RM 4.0-4.9            401   38  32  40  
MG 5/RM 5.0-5.9    39     4    2    4  
MG 6/RM 6.0-6.9    23     2    1    2  
MG 7/RM 7.0-7.9      8     1    1    1  
MG 8/RM 8.0-8.9      4   <1  <1            <1  
 
 
 
 
 
 
 
 
 
 
 
 
 
50 
 
Table 3. Published Map Locations of the known E genes and associated Simple 
Sequence Repeat (SSR) Markers (Molnar et al., 2003, Cober et al., 2010) 
 
Chromosome   LG       Linked Public SSR Marker  Genomic location (cM)  Associated E gene 
   6     C2   Satt365   111.68   E1   
10     O  Satt592, Sat_038 91.36, 103.64  E2 
19     L  Sat_099, Satt229 69.12, 78.26   E3 
20     I  Satt354  46.22    E4 
  6     C2  Satt100, Satt319 102.94, 103.19  E7 
  4     C1  Satt161  45.99    E8 
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Table 4.    Number of SNP markers per chromosome and average spacing between 
markers, for the full and reduced genomic prediction models. 
 
fGP marker panel      rGP marker panel 
Chromosome LG        # markers     Average      # markers  Average 
                                              spacing (cM)                                 spacing (cM) 
 
1 D1a  80  2.7   20  10.9   
2 D1b  111  2.5   29  9.7 
3 N  131  2.3   22  14.3 
4 C1  77  2.1   20  8.2 
5 A1  76  2.9   18  12.6 
6 C2  118  2.3   28  9.7 
7 M  93  1.7   16  10.4 
8 A2  84  2.7   28  8.2 
9 K  70  3.3   20  11.9 
         10 O  100  2.6   21  12.5 
         11 B1  74  2.8   21  10.3 
         12 H  72  2.8   19  11.1 
         13 F  111  2.3   24  10.8 
         14 B2  79  2.5   19  10.5 
         15 E  76  2.7   20  10.6 
         16 J  86  2.2   18  10.6 
         17 D2  95  2.3   22  10.1 
         18 G  95  3.1   24  12.6 
         19 L  99  1.7   18  10.0 
         20 I  89  1.9   16  11.1 
         Unknown    1 
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Table 5. Average prediction accuracy across RM groups, absolute difference between 
RMp and RMv and frequency of segregating lines having validated RMs that are within 5 
and 2.5 days of their predicted RM for each of the four RM prediction models, obtained 
through tenfold cross validation. 
 
RM Range Average Accuracy |RMp-RMv| f|RMp-RMv|≤0.5   f|RMp-RMv|≤0.25 
______________________________________________________________________ 
E-gene specific 0.81      0.5       0.57   0.29 
 
Expanded E-gene 0.93      0.3       0.84   0.52 
 
rGP model  0.93      0.3       0.84   0.63 
 
fGP model  0.94      0.2       0.87   0.65 
______________________________________________________________________ 
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Table 6. Average within maturity group absolute difference between predicted RM and 
validated RM and frequency of segregating lines with predicted RMs that are within 5 and 
2.5 days of their validated RM for each of the four RM prediction models 
 
MG   N  |RMp-RMv| f|RMp-RMv|≤0.5 f|RMp-RMv|≤0.25 
______________________________________________________________________ 
E-gene specific 
MG 1   39  0.8   0.23   0.10   
MG 2   270  0.5   0.66   0.34 
MG 3   400  0.4   0.64   0.33 
MG 4   375  0.5   0.46   0.21 
MG 5   35  0.5   0.51   0.34 
MG 6   17  0.3   0.76   0.53 
MG 7   7  1.4   0.14   0.14 
MG 8   3  2.3   0.00   0.00 
 
Expanded E-gene 
MG 1     30  0.4   0.67   0.27   
MG 2   218  0.3   0.85   0.51 
MG 3   358  0.3   0.88   0.53 
MG 4   323  0.3   0.85   0.58 
MG 5     22  0.3   0.68   0.55   
MG 6     14  0.4   0.71   0.29 
MG 7       8  0.9   0.38   0.00 
MG 8       4  1.1   0.00   0.00 
 
rGP model 
MG 1     50  0.6   0.44   0.26   
MG 2   293  0.2   0.85   0.66 
MG 3   426  0.2   0.87   0.63 
MG 4   401  0.2   0.88   0.69 
MG 5     39  0.4   0.74   0.33 
MG 6     23  0.4   0.78   0.48 
MG 7       8  0.8   0.25   0.13 
MG 8       4  1.0   0.00   0.00 
 
fGP model 
MG 1     50  0.6   0.44   0.20   
MG 2   293  0.2   0.89   0.67 
MG 3   426  0.2   0.90   0.63 
MG 4   401  0.2   0.92   0.75 
MG 5     39  0.3   0.85   0.54 
MG 6     23  0.4   0.65   0.52 
MG 7       8  0.9   0.00   0.00 
MG 8       4  1.2   0.00   0.00 
_____________________________________________________________________ 
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Figure 1.  Example of a typical soybean cultivar development program breeding process 
flow. The figure represents a single family developed through the mating of two soybean 
parent lines. The F1 progeny that result from the initial mating are allowed to self-pollinate 
and are harvested in bulk until the F4 plant pull generation is reached. It is during the plant 
pull generation that individual plants are selected for advancement in order to create 
replicable segregating lines that can be evaluated in field trials. Typically the amount of 
seed obtained from an individual plant selected at the plant pull generation is not sufficient 
to support planting of replicated field trials and as such seed from an individual plant 
selection is bulk harvested and planted in a single seed increase row in the generation 
immediately following the plant pull.  
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CHAPTER 3 
GENOMIC PREDICTION OF RELATIVE MATURITY IN A SOYBEAN CULTIVAR 
DEVELOPMENT PROGRAM 
 
Abstract 
Accurate prediction of Relative Maturity (RM) in soybean has the potential to positively 
impact both the rate of genetic gain and cost per unit of genetic gain by enabling: 1) 
prediction of RM in segregating progeny lines from crosses between parents with large 
differences in RM; 2) selection in non-adapted off season nurseries; 3) increased 
selection intensities of segregating lines assigned to field trials; and 4) cost reduction of 
replicated field trials. Herein we demonstrate that a training dataset consisting of 1,118 
genome wide SNP markers and established RM phenotypes for 2,188 segregating lines 
obtained from replicated field trials in 2009-2013 successfully predicted the RM’s of 1,854 
segregating lines in 2014 and 1,465 segregating lines in 2015.  The correlation between 
predicted RM (RMp) and validated RM (RMv) for all segregating lines was 0.95 with an 
average difference between RMp and RMv of 4 days. Prediction accuracies were the 
lowest for segregating lines with RMv earlier than 1.0 and later than 5.0 which is likely the 
result of a small number of lines in the training dataset. Alternative metrics including the 
frequency of RMp within 0.5 of RMv, f(|RMp-RMv|≤ 0.5) and the frequency of RMp within 
0.25 of RMv, f(|RMp-RMv|≤0.25) indicate that across years, 66% of the segregating lines 
had RMp that were within 5 days of their RMv and 39% of the segregating lines had RMp 
that were within 2.5 days or their RMv. The f(|RMp-RMv|≤ 0.5) and f(|RMp-RMv|≤0.25) 
improved to 73% and 46% respectively when only segregating lines with RMv that ranged 
from 1.0 – 5.9 were evaluated. 
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Abbreviations: GP, genomic prediction, GS, genomic selection; MAIC, marker assisted 
inbred conversion; MAS, marker assisted selection; MG, maturity group; NA, North 
America; PS, prediction dataset; PYT, preliminary yield trial; QTL, quantitative trait loci; 
R&D, research and development; RM, relative maturity; RMp, predicted RM; RMpyt, PYT 
RM, RMv, validated RM; SNP, single nucleotide polymorphism; TS, training dataset 
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Soybean [Glycine max (L.) Merr.] is one of the world’s major agricultural crops, with 
over 300 million metric tons produced globally in 2014 of which the United States and 
Canada were responsible for roughly 35% of the total production (USDA Office of Global 
Analysis, 2015). In North America (NA) soybean is cultivated from southern Canada to 
northern Florida. Total NA production area in 2014 was estimated at just over 35 million 
hectares with an average seed yield of 47.8 bushels per acre (USDA, National Agricultural 
Statistics Service, 2015). The seed obtained from soybeans is used to produce several 
industrial products including printing inks, soy diesel and cooking oils. In higher latitudes 
the transition from vegetative to reproductive growth is triggered by shorter periods of 
daylight (photoperiod) after the solstice. Photoperiod sensitivity is genetically controlled, 
thus commercial soybean varieties are best adapted to specific latitudes based on the 
number of days required for the variety to reach maturity. The impact of photoperiod 
sensitivity can be witnessed by planting varieties that span a range of Relative Maturities 
(RMs) in a single field trial. Varieties with early maturities will not yield as well as those 
with later RMs, and varieties with later maturities may not mature until after frost. In an 
effort to classify the geographic locations for which  soybean varieties are best adapted, 
i.e., to maximize grain yield for the average length of a growing season, the North 
American (NA) soybean growing region has been divided into twelve soybean Maturity 
Zones (MZ) that range from 000 to IX (Figure 2.). MZ 000 extends across south central 
Canada including the provinces of Manitoba, Ontario and Quebec. MZ IX has the longest 
growing season and encompasses southern Florida. In an effort to align with the NA 
soybean maturity zones, commercial soybean varieties are classified into Maturity Groups 
(MG) that are aligned with the MZs. Further sub-classification occurs within a soybean 
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MG in order to account for variability that occurs within a MZ. For an average growing 
season, ten days will exist within a MG, for example varieties that are adapted to MZ 3 
will be referred to as MG 3 varieties and will include varieties that are classified as having 
RM values from 3.0 to 3.9. In an effort to spread risk however, growers within MZ 3 may 
plant varieties with RMs that range from as early as 2.6 to as late as 4.3.   
In most commercial soybean breeding programs, the varietal development 
process is initiated by crossing two high yielding homozygous parental cultivars that have 
similar RMs and proven agronomic performance to generate heterozygous F1 progeny. 
The F1 progeny are allowed to self-pollinate to create F2 seed which is harvested in bulk 
or via some form of single seed decent. The selfing and bulk harvest/single seed descent 
process continues through the F3-F5 generation of inbreeding, at which time individual 
plant selections are made. Each individual plant selection will produce a segregating line 
that can have seed replicated through additional self-pollination. Seeds harvested from 
the individual plant selections are planted in rows to increase the volume of seed for each 
segregating line so that it can be evaluated as a replicable line in the following growing 
season. The first generation during which replicable segregating lines are grown for 
evaluation is the Preliminary Yield Test (PYT), which occurs at one or two geographic 
locations.   
In aggregate, hundreds of thousands of segregating lines are entered into PYTs 
every year.  The PYT allows the soybean breeder to obtain a preliminary assessment of 
the segregating line’s RM, yield and other agronomic characteristics. If the segregating 
lines are not adapted to the geographic location of the PYT then the assessment of 
agronomic traits will be misleading.  The challenge is to make sure that the new 
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segregating lines are adapted with only minimal prior information about their RM.  Under 
current breeding practices, this is addressed by crossing parental cultivars with similar 
RMs to minimize the number of segregating progeny that have RMs different from either 
parent. None-the-less, large numbers of segregating lines are not adapted to the 
geographic MZ for the PYT in which they are placed.  As a result misplaced segregating 
lines will have misleading agronomic evaluations for all traits including RM and 
segregating lines grown in adjacent plots could have misleading agronomic evaluations. 
Breeders use RM estimates obtained from PYT rows to place segregating lines 
into regional replicated field trials where all entries in a trial should have the same RM. 
Due to the error that is often associated with the estimates of RM obtained from PYTs, it 
is common to have segregating lines with RMs that are inappropriate for the regional field 
trial.  Thus, first year replicated field trials often have entries in which yield results are 
confounded with maturity.  An analysis of twenty-two random first year field trials planted 
in the NA summer of 2014 showed that the range of RMs of the segregating line entries 
was often greater than ten days (Table 7). Because breeders are aware that the range of 
RMs of the segregating lines within the first year of regional field trials will often exceed a 
preferred narrow range, they allocate a significant number of plots per trial to commercial 
varieties with known yield and RM values. These varieties are included as “checks” to 
assure that decisions about which segregating lines to advance to the next year of 
regional field trials are within the intended MG. Replicated field trials account for a 
significant portion of the total R&D spend in a commercial soybean breeding program. 
Check varieties ultimately reduce the total number of experimental entries that can be 
evaluated, resulting in an increased cost per unit of genetic gain. In addition having yield 
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results that are confounded with maturity often forces the breeder to reduce selection 
intensity. Lowering selection intensities due to the inability to identify the highest yielding 
segregating lines among a set of experimental entries, independent of maturity, can be 
expected to reduce the breeding programs rate of genetic gain (Fisher, 1930). 
Preliminary results (Doubler et. al, 2016) suggest that Genomic Selection (GS) has 
the potential to predict RM of segregating lines. With the advent of high throughput 
genotyping technologies that have allowed cost effective fingerprinting, the potential to 
predict the RM phenotype of large numbers of segregating lines in early stages of a 
variety development project may be feasible. Having the ability to accurately predict RM 
through the use of genetic information would result in: 1) Increased beneficial genetic 
variation through breeding crosses between superior parent lines with large differences 
in RM because their  progeny can be accurately placed in MGs in early yield trials; 2) 
cultivar development from single plants to rows in off-season nurseries; 3) increased 
selection intensity by assuring the range of RMs for segregating lines assigned to field 
trials are within the intended MG; and 4) a reduced number maturity check varieties that 
are required in a trial. 
Genomic Selection (GS) is a Marker Assisted Selection (MAS) approach that 
involves a Training Dataset (TS) consisting of both genotypic and phenotypic data. The 
TS is then used to derive a model of the relationship between genotypic marker alleles 
and phenotypic variability.   The model is then used to predict phenotypes or Genomic 
Estimated Breeding Values (GEBVs), of segregating breeding lines (or individuals) that 
are not in the TS, but have been genotyped for the same set of markers (Desta et al., 
2014, Heffner et al., 2009, Meuwissen et al., 2001, Zhao et al., 2014). The improved ability 
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for GS to select for complex agronomic traits as compared to the more traditional MAS 
approaches has been documented extensively in the literature (Bao et al., 2014; Heffener 
et al., 2011; Guo et al., 2011; Wang et al., 2014). Numerous comparative studies have 
been conducted to determine the best Genomic Prediction (GP) algorithm for use in 
support of GS when predicting the phenotypic value of an individual (Asoro et al., 2011; 
Bao et al., 2014; Howard et al., 2014; Heffener et al., 2011). Results to date suggest that 
if the genetic architecture for traits consists of a large number of additive genetic factors, 
all GP algorithms produce similar accuracies of prediction in typical plant breeding 
populations. Most comparative studies have found when the simulated number or QTLs 
are small and the effect of each simulated QTL has large additive genetic effect, BayesB 
provides more accurate estimates of predicted values (VanRaden et al., 2009; Daetwyler 
et al., 2010; Jannink et al., 2010). Machine learning methods should produce the most 
accurate predictions in typical plant breeding populations if the genetic architecture is 
composed of a large number of epistatic genetic loci (Howard, et al., 2014). The challenge 
for soybean breeders is that the genetic architecture for RM is unknown. 
 Previously we obtained accurate predictions of segregating line RMs using a 
random forest (machine learning) method in conjunction with a moderate density of 
marker loci. The initial results, while promising, were based on cross validation results 
obtained through the use of a small number of segregating lines that had validated RM 
(RMv) estimates obtained via phenotyping during the same year as that of the segregating 
lines that composed the TS. Prior to wide scale implementation of RM prediction it is 
important to assure that the GS method produces accurate estimates across both MGs 
and years. The objective of the study reported herein was to determine the accuracy of 
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RM prediction for segregating lines phenotyped in years subsequent to the years used 
for the TS. 
 
Materials and Methods 
Field trial design 
 A typical experimental field trial is composed of 42 experimental entries planted in 
a random 6 x 7 simple lattice design. Each entry is grown in two 12’ rows with 30” spacing 
between rows. Depending on the stage of replicated field testing between 4 to 12, of the 
42 plots in a field trial experiment, are augmented with check varieties.  
Determination of Relative Maturity  
The number of days from planting until harvest maturity, the date when 95% of the 
pods on a plant have reached their harvest maturity color (R8), (Fehr and Caviness, 1977) 
is recorded for every plot in all field trials. The check entry RMs and days to maturity 
information are then used to estimate the RMs of the segregating lines in the field trial 
using a simple mathematical equation that assumes that one day difference in days to 
maturity is equivalent to a change of 0.1 RM. For example, if a check variety that has a 
known RM of 3.0 reaches maturity in 100 days, and a segregating line reaches maturity 
in 101 days, then the RM of the segregating line is estimated as 3.1.  
In the first year of replicated field trials RM score is determined at one location with 
two replications. In the second year of replicated field trials RM score is determined at 
two locations with two replications per location. In the third and fourth years of replicated 
field trials RM score is determined using a minimum of three locations with two 
replications each. The final validated RM (RMv) assigned to a segregating line that 
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survives three years of field evaluations is the unweighted average of the individual RM 
ratings taken over the range of locations and years. 
Training dataset 
  The TS consisted of 2,188 F4:6-8 advanced stage segregating lines. The validated 
RMs of the lines in the TS ranged from 0.0 to 8.0 and were obtained from replicated field 
trials conducted from 2009-2013 (Table 8). RM determinations for segregating lines in the 
TS were based on a minimum of two years and three geographic locations of data.  
Prediction dataset 
RMs were predicted for segregating lines tested in first year replicated field trials 
during the years 2014 and 2015. The 2014 Prediction Dataset (PS) consisted of 1,854 
F4:6 segregating lines that were the result of 522 breeding crosses made during the years 
2010 and 2011. The 2015 PS consisted of 1,465 F4:6 segregating lines that were the result 
of 889 breeding crosses made during the years 2011 and 2012.  
The validated RM values (RMv) for lines in the 2014 and 2015 PS were obtained 
in first year replicated field trials during 2014 and 2015 growing seasons. The RMv for 
segregating lines in the 2014 and 2015 PS ranged from RM 0.0 to 7.9 (Table 9). The 
segregating lines that composed the PS were a random sample of the total number of 
first year segregating lines within the breeding program having less than 10% missing 
genotypic information.  
Genotypic assays  
Seed from all segregating lines in both the TS and PS was planted in greenhouses for 
tissue sampling. DNA was extracted from young leaves using a modified Dellaporta 
extraction protocol (Dellaporta et al., 1983). Genotyping was performed via the Nexar 
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tape array based genotyping system using 1,118 SNP markers. Missing genotypic data 
were not imputed. Missing data for an individual SNP marker in the TS ranged from less 
than 1% to 16%. Missing genotypic data for an individual segregating line in the 2014 PS 
ranged from 0 to 10% with an average of 2%. Missing genotypic data for an individual 
segregating line in the 2015 PS ranged from less than 1% to 10% with an average of 6%.  
Prediction methods 
Two models were assessed for their ability to accurately predict the RMv of 
segregating lines; the PYT phenotyping model and a GP model based on a, Random 
Forest machine learning algorithm.  Prediction accuracy for both models was measured 
as the correlation between the predicted RM and the RMv assigned to the segregating 
lines through phenotypic evaluation in replicated field trials. In an effort to assess the 
relative accuracy of genomically predicted RM values (RMp) and phenotypic observations 
of RM in the PYT generation (RMpyt), a number of metrics were calculated.  These 
metrics include correlation, absolute difference between RMp and RMv (|RMp-RMv|), 
absolute difference between RMpyt and RMv (|RMpyt-RMv|), frequency of RMp that were 
within 5 days of RMv (f|RMp-RMv|≤0.5), frequency of RMpyt that were within 5 days of 
RMv (f|RMpyt-RMv||≤0.5), frequency of RMp that were within 2.5 days of RMv (f|RMp-
RMv|≤0.25) and frequency of RMpyt that were within 2.5 days of RMv ((f|RMpyt-
RMv|≤0.25).    
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Results 
Genomic prediction accuracies  
The marker based prediction accuracy across the range of RMs evaluated in this 
study was high for both years. In the 2014 PS, the average prediction accuracy across all 
RMs was 0.95 with an average absolute difference between RMp and RMv (|RMp-RMv|) 
of 4 days. In the 2015 PS, prediction accuracy across all RMs was 0.95 with the average 
|RMp-RMv| across maturities of 5 days. There were large differences in prediction 
accuracies and average |RMp-RMv| in both years when comparing MGs. In both years, 
prediction accuracy was lowest for segregating lines having an RMv that ranged from 0.0-
0.9 and 6.0-7.9. In 2014 68% of the segregating lines had an RMp that was within 5 days 
of their RMv values and 41% had an RMp that was within 2.5 days of their RMv values. 
In 2015, 66% of the segregating lines evaluated had an RMp that was within 5 days of 
their RMv values and 39% had an RMp that was within 2.5 days of their RMv values.   
As previously mentioned, prediction accuracy was lowest for segregating lines with 
a RMv ranging from 0.0-0.9 and 6.0-7.9. Because consistently lower prediction 
accuracies occurred in both the early and late RMs, f|RMp-RMv|≤0.5 and f|RMp-
RMv|≤0.25 was recalculated for segregating lines with an RMv range of 1.0- 5.9. In 2014, 
77% of these lines had RMp within 5 days of their respective RMv values and 49% had 
RMp within 2.5 days of their respective RMv values. In 2015, 75% of the segregating lines 
with a RMv ranging from 1.0-5.9 had their RMp within 5 days of their RMv and 45% had 
their RMp within 2.5 days of their RMv. Specifics regarding prediction accuracy, average 
difference between predicted and validated RM and frequency of segregating lines having 
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predicted RMs that are within 5 and 2.5 days of their validated RM for all segregating lines 
in the 2014 and 2015 prediction dataset can be found in Table 10. 
PYT prediction accuracies  
RM estimates obtained from the PYT generation (RMpyt) were validated for 1,319 
segregating lines in the 2014 PS and 833 segregating lines in the 2015 PS. The number 
of segregating lines by RM that had RM estimates obtained at the PYT generation can 
be found in Table 11. The RMpyt prediction accuracy across the range of RMs and years 
evaluated in this study was 0.95, with an average |RMpyt-RMv| of 3 days. In the 2014 PS 
88% of the segregating lines had an RMpyt that was within 5 days of their RMv and 52% 
had an RMpyt that was within 2.5 days of their RMv. Specifics regarding prediction 
accuracies, |RMpyt-RMv|, f|RMpyt-RMv|≤0.5 and f|RMpyt-RMv|≤0.25 by MG by year can 
be found in Table 12.  
Comparison of RMp with RMpyt 
The simple correlation between RMp and RMpyt across years and MG’s was 0.89.  
In order to determine the proportion of heritability that can be described by genomic 
prediction, the accuracy of prediction was calculated between RMp and RMpyt by dividing 
the correlation between RMp and RMv by the correlation between RMpyt and RMv 
(corr(RMp,RMv) / corr(RMpyt,RMv)) (Dekkers et al., 2008). The accuracy of prediction 
across MGs and years was 0.96, improving only slightly to 0.97 for experimental lines 
having RMv ranging between1.0-5.9. 
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Discussion 
The results demonstrate that on average the RMs of experimental segregating 
breeding lines can be predicted to within 5 days of their RMv across MGs 0 to 7 and to 
within 4 days for MG 1 to 5. The results are consistent with a previous empirical study 
that suggested RM could be predicted with reasonable accuracies within year using 
models obtained from multiple families. A review of data obtained from first year replicated 
yield trials in 2014 suggests that the average |RMp-RMv| needs to be approximately 5 
days for RM predictions to do as well as RMpyt in placement of new segregating lines in 
the first year of regional field trials. The data further suggests that the average |RMp-RMv| 
needs to be 2.5 days or less in order to reduce the range of maturities observed in first 
year replicated field trials as compared to those observed through the use of RMpyt.  Initial 
interpretation of the results obtained from this study suggest that prediction accuracies 
are not an improvement relative to RMpyt. The results do however show that for some 
MGs (RM 1.0-5.9) only a very small difference is seen between both f|RMpyt-RMv|≤0.5 
and f|RMp-RMv|≤0.5 as well as f|RMpyt-RMv|≤0.25 and f|RMp-RMv|≤0.25. In these MGs, 
It seems that RMp is almost as accurate as RMpyt. GP accuracies were not expected to 
be as good as PYT prediction accuracies because the correlation between GP values 
and phenotypic values can be no better than the heritability of the trait evaluated 
(Dekkers, 2008).  For RM, GP is almost as good as PYT predictions, thus the question 
becomes one of efficiency and effectiveness in a breeding program.  For example, if 
continuous off-season nurseries can be used to generate larger numbers of experimental 
segregating lines than can be affordably evaluated in field trials, then GP can be used to 
predict the RM values, as well as other agronomic traits, for all of the segregating lines 
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and only those lines with the best predicted phenotypes would be advanced to the PYT 
generation. In addition the PYT generation would no longer need to be grown in an 
adapted nursery location, it could be moved to the cheapest nursery that is able to support 
the process. This will enable the breeder to increase the number of experimental lines 
that are evaluated, albeit with reduced accuracy of prediction and in effect increased 
selection intensity.  The question is whether the benefits from increased selection 
intensity will be offset by less accurate predictions and greater costs associated with seed 
increase and increased marker genotyping.  
Potential use of RM prediction to improve genetic diversity through the creation of 
wide RM crosses 
GP accuracies are sufficient to suggest that RM prediction could be used to select 
progeny with defined RMs in early breeding generations for cross combinations that have 
parent lines with wide RM differences. The creation of breeding crosses using parental 
lines that have wide maturity differences is not novel, soybean breeders have utilized this 
approach in effort to expand the diversity within certain maturity groups for many years, 
though typically at small scale. The probability of success related to this approach has 
historically been quite low due to the failure of flowering to occur at the same time in the 
male parent and the female parent, as well as the inability to select for the desired RM 
among segregating progeny during early filial generations. The latter challenge is 
amplified because early filial generations are typically grown in un-adapted tropical 
nurseries. The increased use of greenhouses and controlled growth environments to 
support soybean crossing has eliminated the biological challenges associated with 
crossing parent lines that have wide maturity differences. However, little to no effort has 
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been devoted to developing processes that allow selection of progeny with desired RMs 
during the F2 or F3 breeding generations. Results reported herein show that RM prediction 
in the F2 or F3 breeding generations is operationally feasible.  
Potential use of RM prediction to support trait conversion via backcross breeding 
GP accuracies are sufficient to suggest that RM prediction could be used in 
backcross breeding to support trait introgression. One of the current challenges for trait 
introgression is that the donor parent lines may have significant RM differences, with the 
recurrent parent. The desired progeny recovered from this type of cross is an individual 
that is agronomically similar to the recurrent parent line. The operational experience is 
that often progeny from this type of cross has an RM closer to the mid-parent value. 
Without significant effort, it is extremely difficult to recover fully converted progeny with 
the desired RM. RM prediction could be used to select the desired backcross individuals 
during the introgression process, ensuring the RM is skewed appropriately towards the 
RM of the recurrent parent.  
Potential barriers regarding “Freedom to Operate” 
While the genomic locations of the major E genes is publically available and has 
been for some time, the ability to utilize genetic markers linked to these genes in support 
of MAB processes such as GS may well be encumbered. The Monsanto company 
received patent approval regarding a method to establish where a soybean cultivar should 
be grown by determining allelic combinations using molecular assays on September 30, 
2014 (Jenkinson et al., 2014). While the process defined in Monsanto’s patent is not the 
same as using genome wide marker data to predict the specific relative maturity of 
segregating lines, the possibility certainly exists that there is not complete freedom to 
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operate in this area and a thorough review of the patent and its implications would be 
required by all research groups before RM prediction using GP models could be 
implemented in support of the cultivar development process.  
 
Conclusions 
We present the first study that successfully utilized GP models with marker allele 
estimates obtained through the use of a multi-year, multi-family training set to accurately 
predict the RM of new segregating lines in a validation dataset sampled from future cycles 
of breeding and grown in environments sampled from years unrelated to those used for 
the training dataset. The results demonstrate that the GP model has the ability to predict 
the RMs of segregating lines with acceptable accuracies across most MGs found in North 
America and that the prediction model is robust across years and germplasm. The high 
prediction accuracies that have been validated through this study would suggest that RM 
prediction could immediately be implemented within the breeding program to support the 
cultivar development process.  It is this research group’s belief however that high 
prediction accuracies are not the sole decision factor to determine if GS should be 
implemented in support of the breeding process. Additional analysis is warranted in order 
to determine if the prediction accuracies, costs (to include the possibility of required 
licenses) and potential breeding cycle time reductions that may be associated with RM 
prediction be fully evaluated prior to implementation at any scale within a soybean 
breeding program. In addition, it is this research group’s recommendation that this type 
of in-depth analysis needs to be conducted by all plant breeding programs, both public 
and private, prior to the implementation of GS for any complex trait. 
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Table 7. The range of Relative Maturities seen for check varieties and segregating lines 
in a random set of twenty-two first year replicated yield trials 
______________________________________________________________________ 
Trial           RM range check entries   RM range segregating lines    Spread (days)  
______________________________________________________________________ 
1 2.8-3.0    2.6-3.4   9 
2 1.3-1.8    1.5-2.9   14 
3 1.3-1.8    1.4-2.8   14 
4 1.3-1.9    1.3-2.5   12 
5 1.7-2.6    1.4-3.0   16 
6 1.7-2.6    1.3-2.7   14 
7 4.8-5.2    4.4-6.3   19 
8 5.7-5.9    5.1-6.2   11 
9 5.2-5.9    5.2-6.7   15 
10 1.9-2.1    1.4-2.7   13 
11 1.9-2.2    1.3-2.4   11 
12 1.5-3.2    1.8-3.1   13 
13 2.0-3.1    2.1-3.4   13 
14 2.1-3.0    1.9-3.0   11 
15 2.0-3.2    2.0-3.3   13 
16 4.0-4.5    4.1-4.8   7 
17 4.3-4.7    4.2-5.0   8 
18 0.5-1.0    0.1-1.6   15 
19 1.0-1.6    0.2-1.8   16 
20 3.4-4.0    3.3-4.2   9 
21 4.1-4.5    3.9-4.7   8 
22 2.8-3.4    2.4-3.4   10  
______________________________________________________________________ 
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Table 8. Number of segregating lines by relative maturity in the training dataset 
 
Relative Maturity Range     Number of lines TS  
 
RM 0.0-0.9        241 
RM 1.0-1.9        232     
RM 2.0-2.9        303     
RM 3.0-3.9        500     
RM 4.0-4.9        477     
RM 5.0-5.9        269     
RM 6.0-6.9        121     
RM 7.0-7.9        38     
RM 8.0-8.9        7  
Total         2188 
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Table 9. Number of segregating lines by relative maturity in the 2014 and 2015 prediction 
datasets 
 
Relative Maturity Range  Number of lines 2014 PS Number of lines 2015 PS 
 
RM 0.0-0.9     217    182 
RM 1.0-1.9     547    199    
RM 2.0-2.9     470    271   
RM 3.0-3.9     133    335   
RM 4.0-4.9     179    213  
RM 5.0-5.9     177    135   
RM 6.0-6.9     98    74  
RM 7.0-7.9     33    56 
Total      1854    1465 
______________________________________________________________________ 
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Table 10. Prediction accuracy, average difference between predicted and validated RM 
and frequency of segregating lines having predicted RMs that are within 5 and 2.5 days 
of their validated RM, for lines in the 2014 and 2015 prediction datasets. 
 
RM Range   Accuracy      |RMp-RMv|    f|RMp-RMv|≤0.5   f|RMp-RMv|≤0.25 
______________________________________________________________________ 
2014 
0.0-0.9  0.11  0.7   0.39   0.12 
1.0-1.9  0.53  0.5   0.61   0.35 
2.0-2.9  0.34  0.3   0.80   0.53 
3.0-3.9  0.45  0.3   0.82   0.51 
4.0-4.9  0.12  0.3   0.91   0.59 
5.0-5.9  0.33  0.4   0.72   0.46 
6.0-6.9  0.17  0.6   0.56   0.23 
7.0-7.9  -0.12  1.1   0.21   0.09 
All RMs  0.95  0.4   0.68   0.41   
 
2015 
0.0-0.9  0.14  0.7   0.33   0.08 
1.0-1.9  0.48  0.4   0.74   0.40 
2.0-2.9  0.47  0.4   0.69   0.45 
3.0-3.9  0.49  0.4   0.74   0.45 
4.0-4.9  0.17  0.3   0.85   0.56 
5.0-5.9  0.38  0.4   0.74   0.45 
6.0-6.9  0.17  0.5   0.49   0.22 
7.0-7.9  0.11  1.3   0.07   0.00 
All RMs  0.95  0.5   0.66   0.39 
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Table 11. Number of segregating lines by relative maturity in the 2014 and 2015 prediction 
datasets having RM estimates in the PYT generation. 
 
Relative Maturity Range  Number of lines 2014 PS Number of lines 2015 PS 
 
RM 0.0-0.9     110    48 
RM 1.0-1.9     395    124    
RM 2.0-2.9     468    201   
RM 3.0-3.9     128    273   
RM 4.0-4.9     178    137  
RM 5.0-5.9     23    17   
RM 6.0-6.9     16    9  
RM 7.0-7.9     1    24 
Total      1319    833 
______________________________________________________________________ 
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Table 12. Accuracy of RM estimates obtained from PYT rows with the average 
difference between PYT RM and validated RM and the frequency of segregating lines 
having PYT RM estimates that are within 5 and 2.5 days of their validated RM, for lines 
in the 2014 and 2015 prediction datasets. 
 
RMv Range       Accuracy      |RMpyt-RMv|    f|RMpyt-RMv|≤0.5    f|RMp-RMv|≤0.25 
______________________________________________________________________ 
2014 
0.0-0.9  0.51           0.3  0.88   0.43 
1.0-1.9  0.60           0.3  0.87   0.53 
2.0-2.9  0.47           0.3  0.85   0.48 
3.0-3.9  0.60           0.2  0.97   0.79 
4.0-4.9  0.00           0.3  0.96   0.49 
5.0-5.9  0.75           0.5  0.57   0.35 
6.0-6.9  -0.03           0.2  0.88   0.69 
7.0-7.9  NA           0.8  0.00   0.00 
All RMs  0.95           0.3  0.88   0.52   
 
2015 
0.0-0.9  0.47           0.2  0.94   0.40 
1.0-1.9  0.57           0.3  0.85   0.49 
2.0-2.9  0.57           0.4  0.75   0.45 
3.0-3.9  0.52           0.3  0.84   0.52 
4.0-4.9  0.47           0.3  0.87   0.50 
5.0-5.9  0.67           0.4  0.76   0.47 
6.0-6.9  0.76           0.4  0.78   0.33 
7.0-7.9  0.35           0.4  0.75   0.29 
All RMs  0.96           0.3  0.82   0.49 
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Figure 2. North America Soybean Relative Maturity Zones 
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CHAPTER 4 
 
SOYBEAN RELATIVE MATURITY PREDICTION, EVALUATING THE 
IMPLEMENTATION OF GENOMIC SELECTION TO PREDICT RM IN A PUBLIC 
SOYBEAN BREEDING PROGRAM 
 
Abstract 
Failure to place a newly developed segregating soybean line into a field trial 
consisting of segregating lines with similar maturities results in wasted field plot 
resources. Previously we found that genomic predictions for relative maturity are almost 
as accurate as predictions made by plant breeders based on visual assessments. 
Genomic selection has been proposed to augment field trials to increase selection 
intensities for lower costs.  The question pursued in this manuscript is whether the 
application of genomic selection to relative maturity will result in more efficient cultivar 
development systems. Herein we apply principles from Operations Research (OR) to 
evaluate the trade-offs between genomic selection and phenotypic selection for relative 
maturity using objective criteria of minimizing costs and time while maximizing genetic 
gain. Time and genetic gain are combined into a single metric, Relative Breeding Design 
Efficiency (RBDE), which compares the expected genetic gains of a proposed breeding 
strategy relative to an established strategy. A heuristic algorithm for calculating the 
objective criteria was developed and implemented in a Genomic Prediction Evaluation 
tool (GPE tool) using typical spreadsheet software.  A total of 110 breeding strategies for 
cultivar development in a public soybean breeding program were evaluated. Optimal 
breeding designs were those that maximized RBDE while minimizing costs. None of the 
optimal designs included genomic selection for RM. Slight modifications to the current 
version of the GPE tool should provide soybean breeders with the ability to objectively 
evaluate the potential of genomic selection for other complex phenotypes as well. 
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Abbreviations: BDE, base design efficiency, fGP model, full genomic prediction model, 
GPE, genomic prediction evaluation, GP, genomic prediction, GS, genomic selection; 
ISU, Iowa State University, MAB, marker assisted breeding; MG, maturity group; NA, 
North America; OR, operations research, PYT, preliminary yield trial; PR, Puerto Rico; 
RBDE, relative breeding design efficiency, RM, relative maturity; RMp, predicted RM; 
RMpyt, rGP model, reduced genomic prediction model, PYT RM, RMv, validated RM; 
TPC, total program cost, 1YT, first year yield trial, 2YT, second year yield trial 
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Most soybean cultivar development projects are expected to produce higher yielding 
soybean varieties than are currently grown by soybean producers. Fisher (1930) provided 
the theoretical foundation for understanding response to selection, also known by 
breeder’s as the genetic gain equation, (∆G=h2S). Since the emergence of laws that 
enabled return on investments, soybean breeders have been responsible for at least 70% 
of increased yield that have occurred within the industry (Specht et al., 2014). Many 
commercial soybean cultivar development programs recognized that increasing 
expenditures would result in greater genetic gains for yield. This required greater 
compensation and intellectual property protection, which were provided most often 
through increased seed prices. Recently, soybean producer’s willingness to pay for more 
expensive seed has reached a limit and now soybean breeder’s need to maximize rate 
of genetic gains for yield while minimizing costs (Byrum et al., 2016). This type of trade-
off in competing objectives is known as an optimization problem. Since World War II 
optimization of systems have been addressed using design principles from Operations 
Research (OR).  
A typical soybean cultivar development program is initiated by crossing pairs of 
homozygous breeding lines identified as having proven agronomic performance in field 
trials or having unique desirable alleles at genetic loci known to be associated with 
important agronomic traits. The F1 progeny that are the result of the mating pairs of 
parental lines, are allowed to self-pollinate (inbreed) to create F2 seed. Depending on the 
breeding program, this inbreeding process can continue for additional filial generations, 
at which time individual plant selections are made. The generation occurring after when 
the individual plant selections are made represents the first generation in which 
segregating breeding lines are grown in replicated field trials and is typically called the 
Preliminary Yield Test (PYT) or First Year Yield Trial (1YT) generation. Due to the 
reproductive limitations of individual plants, segregating lines grown in the 1YT are not 
replicated in more than a couple of field plots. The main purpose of the 1YT trial is to 
increase the amount of seed for each segregating line from about two hundred plants to 
40,000 plants so that each segregating line can be evaluated in many replicated field 
trials throughout a geographic region across multiple growing seasons.  Depending on 
the specific development system, somewhere between 3-5 years of replicated field trials 
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will occur before a segregating line is selected for commercial variety sales, germplasm 
release and/or recycled as a parent for generating a new set of experimental breeding 
lines.   
During the breeding process, resources that are used to identify a parent line, select 
a cross combination, or evaluate segregating lines and do not result in improved varieties 
represent excess costs. Thus an optimal cultivar development process would be one in 
which costs are minimized and only segregating lines with superior agronomic 
performance are identified and advanced through all field trials using the least possible 
time, i.e., genetic gain is maximized. 
The development of molecular markers and marker assisted breeding (MAB) has 
resulted in cost savings by enabling selection of desirable alleles for traits that are simply 
inherited but expensive to assay for phenotypes (Slater et al., 2013). For some traits, 
such as herbicide resistance in soybean, the ability to conduct MAB in continuous 
nurseries became not only cost efficient, but essential for survival of commercial varieties 
(http://ers.usda.gov/, web, 2016). Initially MAB was advocated for genetic improvement 
of quantitative traits in plants (Lande and Thompson, 1990), but was not widely adopted 
until Genomic Selection (GS) (Meuwissen et al., 2001) was demonstrated to be more 
efficient (greater gains for the same costs) than MAB for genomic prediction accuracies 
of at least 0.53 in plant breeding systems (Heffner et al., 2011).  Since 2010 there have 
been numerous studies reported on genomic prediction accuracies for quantitative traits 
in crop species (Bao et al., 2014, Heffener et al., 2011, Wang et al., 2014), but to our 
knowledge there have been no further assessments of GS in the framework of costs and 
genetic gain. 
For soybeans grown in temperate latitudes, the length of the growing season is 
primarily determined by latitude, but is modified by daily temperatures and timing of 
precipitation. The life span or relative maturity (RM) of soybean cultivars adapted to high 
latitudes is a quantitative trait primarily determined by an unknown genetic architecture 
consisting of about a dozen QTL (Zhao et al., 2016). If a segregating line is evaluated for 
yield in field trials with other segregating lines that have dissimilar RMs, then its yield will 
be over or under its true potential due to weak or strong competition from segregating 
lines in adjacent plots. Yield assessments from a segregating line misplaced will be 
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biased as will be the segregating lines adjacent to it, resulting in wasted plot resources.  
Thus, accurate assessment of relative maturities (RM’s) of segregating lines entering into 
each stage of field trials is critical. An accurate assessment of an individual segregating 
line’s RM during the 1YT generation allows the breeder to ensure segregating lines 
having similar maturities are placed in the same field trials in subsequent growing 
seasons.  
Results from Doubler et al., (2016); analysis of 1,070 segregating lines having 
validated RMs ranging from 2.0-4.0, with RM estimates obtained from phenotypic 
observations taken during the 1YT generation, indicate that the frequency of predicted 
RM values based on phenotypic RM values observed in 1YT (RM1YT) that were within 5 
days of validated RM values (f(|RM1YT-RMv|≤0.5)) was 0.85, i.e., 15% of segregating lines 
placed into 2YT would be in a trial consisting of the wrong RM group.  In contrast, when 
a set of 1,244 segregating lines that had validated RMs that ranged from 1.3 - 8.0 were 
assayed with 423 genome wide markers and assigned to 10 training datasets consisting 
of 1,120 segregating lines each and 10 validation sets consisting of 124 segregating lines 
each, the freq(|RMp-RMv|≤0.5) for 719 segregating lines that had validated RMs ranging 
from 2.0-4.0 was 0.86. Thus, only 14% of segregating lines would be placed in a trial 
consisting of the wrong RM group. Increasing the number of marker assays to 1,817 
resulted in some improvement with the freq(|RMp-RMv|≤0.5) = 0.89, i.e., 11% of 
segregating lines placed into 2YT would be in a trial consisting of the wrong RM group. 
Thus, Genomic Selection (GS) methods are essentially equivalent to soybean breeders 
in predicting RM. The question is whether the costs associated with using genetic 
information to predict RM can be offset by the potential increased efficiencies that could 
be gained through changes to the current breeding design. The objective of this research 
then was to evaluate whether Genomic Prediction (GP) of RM will provide increased 
efficiency of genetic gain for yield in a typical public soybean breeding program.   
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Methods 
Objectives and metrics  
The first step in an OR approach is to succinctly state the objective(s) using 
measureable metrics. The current realized rate of genetic gain is about 0.33 bushel per 
acre per year (Specht et al., 2014). 
For our purposes, we can assume that the ISU cultivar development project is average 
and thus use 0.33 bu/ac/year as an estimate of ∆G. Currently the project selects 600 of 
3,300 segregating lines grown in 1YT for replicated field evaluations in 2YT, i.e., i=1.45. 
Since we are not comparing germplasm resources we can assume that σA for yield will 
not change based on selection methods for RM and thus can be normalized to a value of 
unity when comparing methods of selection for yield, we can assume that the correlation 
between segregating lines selected in 1YT and their realized yields in 2YT will be some 
fixed value regardless of the true correlation. 
The correlation between RMp or RMpyt and RMv can be substituted by the frequency 
of RMp and RMpyt that are within 5 days of RMv (f|RMp-RMv|≤0.5). The additive genetic 
standard deviation within the ISU breeding program was not calculated, however σA is 
constant regardless of cultivar development protocol evaluated and as such was set to 1 
for the purpose of this analysis 
The current cultivar development protocol implemented within the ISU breeding 
program occurs during the timeframe of six calendar years from crossing through the 
regional trial stage of testing and as such a new metric; Relative Breeding Design 
Efficiency (RBDE) per 6 years was developed in order to allow head to head comparisons 
for the rate of genetic gain for each of the cultivar development protocols evaluated in the 
ISU program. RBDE then was calculated by the Base Design Efficiency (BDE) for 6 years 
(3.82) multiplied by a multiplication factor, which was determined by dividing the base # 
of calendar years by the # of calendar years it takes to reach the regional yield trial stage 
in the cultivar development protocol being evaluated. The multiplication factor for a 
program that takes 5 calendar years would be 1.2, the multiplication factor for a program 
that takes 6 calendar years would be 1 and the multiplication factor for a program that 
takes 7 calendar years would be 0.86. We evaluated 110 possible soybean cultivar 
development strategies with respect to cost, time and genetic gain for the Cianzio yield 
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improvement project at Iowa State University (ISU), using the objective criteria of 
minimizing total program cost while maximizing Relative Breeding Design Efficiency 
(RBDE). 
The second step in the OR approach is to translate the objective(s) into a 
mathematical model which in support of this research was been done through the 
development of a heuristic algorithm which allowed for calculating the objective criteria. 
The algorithm was implemented in a Genomic Prediction Evaluation tool (GPE tool) using 
typical spreadsheet software. 
Design of the GPE tool 
The need for a method to evaluate the implementation of RM prediction and 
population development complexities that exist with a soybean breeding program in 
relationship to cost and genetic gain inspired the development of the GPE tool.  In its 
current state, the tool allows for several user inputs that are in turn used to generate a 
scatter plot graph. The scatter plot graph allows the user to easily visualize designs that 
are optimized for both Total Program Cost and Relative Breeding Design Efficiency. 
User inputs 
The user of the GPE tool is provided the ability to make inputs regarding: 1) 
crossing location; 2) protocols for advancing populations from the F1 generation through 
the plant pull generation; 3) protocol for field trials (reps and locations per year); 4) Costs 
associated with licenses that may be required to use genetic information to predict RM; 
5) Costs associated with placing segregating lines in the wrong replicated field trial 
experiment based off of predicting RM through the use of genetic information or via 
phenotypic analysis during early breeding generations, specifically first year yield trials 
(PYT/1YT); and 6) Costs associated with genotyping. In addition to the user inputs 
mentioned above, the user is provided the ability to update costs associated with all 
activities within the tool. The user is also required to identify the total time required (years) 
from crossing through the final year of replicated field trials for each of the possible cultivar 
development processes to be evaluated. Cultivar development parameters were required 
to both develop and validate the outputs from the GPE tool. As such the soybean breeding 
program of Dr. Silvia Cianzio at the Iowa State University with design focus on cultivar 
development for MGs 2.0-4.0 was modeled for review in this manuscript.  
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Crossing inputs 
The user determines the crossing location, # of crosses to be made and the cost 
per cross. The tool in turn uses the breeder inputs to generate the associated cost of the 
crossing decisions. The breeding program at Iowa State has two possible crossing 
locations; Puerto Rico (PR) during the months of November through December and North 
America (NA) during the months or June and July. The total number of crosses that 
currently occur within the Iowa State program is one hundred twenty. The cost per cross 
by location was set to $80.00 for PR and $60.00 for NA.   
F1 through plant pull generation Inputs 
The user is required to identify all possible population development scenarios that 
exist for their breeding program from the F1 generation through deriving lines via plant 
pulls. The scenarios are then listed in a series of rows that allow for the automated 
calculation of total cost for each scenario. The user specifies the cost per row, number of 
rows and growing location for each generation, for every scenario identified. The tool uses 
the inputs to calculate the associated cost for each development generation. The ISU 
breeding program is able to support population development generations in both PR and 
NA. The PR location is able to support three breeding generations per year while the NA 
location is only able to support one generation per year. Every growing location by 
generation combination was evaluated ranging from deriving segregating lines in the F2 
generation through deriving segregating lines at the F4 generation. The cost to grow an 
increase row regardless of generation or location was set to $40.00 while the cost to grow 
a plant pull row was set to $50.00 regardless of generation or location. 
Replicated field trial protocol inputs 
The user defines the number of years (stages) of field testing that exists for their 
respective program. The user further specifies the number of segregating lines evaluated, 
number of locations, number of replications and cost per plot for each stage of field 
testing.   The tool uses the user inputs to calculate the associated cost for each field 
testing stage. The ISU breeding program currently conducts three years or field trials. The 
first year of field trials (1YT) consists of evaluating approximately 3,300 segregating lines 
in a single row plot at a single location with no replication. On average 600 segregating 
lines out of the 3,300 tested at the 1YT generation advance to the second year yield trial 
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(2YT). 2YT field trials are grown in 2 row plots, at a total of 3 locations with 2 replications 
at each location. Thirty segregating lines are advanced from the 2YT to the 3rd year of 
field trials, (Regional Trial). Regional trials are shared trials conducted jointly by several 
universities that consist of 2 row plots for each segregating line entry. The ISU breeding 
program is responsible for conducted the trials at 3 locations with 4 replications each. The 
cost to grow a 2 row field trial plot regardless of stage was set to $10.80. 
Percent of segregating lines placed in wrong 1st year replicated field trials input 
Within the tool an attempt is made to quantify the cost associated with placing 
segregating lines into the wrong second year field trial (2YT) based off using a predicted 
RM (RMp) to represent a segregating lines validated RM (RMv). Predicted RMs may be 
obtained either through the use of genetic information or via phenotyping in early stages 
of development. Within the ISU breeding program it has been decided that a segregating 
line will be considered as being placed in the wrong 2YT trial when it’s predicted RM is 
greater than 5 days different than its validated RM (RMv). Results from Doubler et al., 
2016 suggest that the frequency of RMp that were within 5 days of RMv (f|RMp-RMv|≤0.5) 
using a full genomic prediction marker model (fGP) that consisted of 1,817 assays to 
predict a segregating lines RMv was 89% on average. This means that within the ISU 
breeding program, 11% of segregating lines that advance from the 1YT would be placed 
in the wrong 2YT trial if placement was based off of a predicted RM using a FMS. The 
results also suggested that (f|RMp-RMv|≤0.5) using a reduced genomic prediction marker 
model (rGP) consisting of only 423 genome wide markers was 86%, thus 14% of lines 
would be placed into incorrect 2YT trials if placement was based off of a predicted RM 
using the RMS. Finally, the results showed that (f|RMpyt-RMv|≤0.5) was 87% on average 
meaning that only 13% of lines would be placed into incorrect 2YT trials if the RMv was 
predicted via phenotyping at the 1YT stage of testing. 
Genotyping process protocol input 
The user determines if genotyping will be utilized in the cultivar development 
protocol. If genotyping occurs, the user further defines if the full genomic prediction model 
(fGP) will be utilized to make predictions or if the reduced genomic prediction model (rGP) 
will be implemented. The user enters the number of segregating lines to be fingerprinted 
with the appropriate marker set and the tool utilizes the inputs to calculate the associated 
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cost for genotyping. Currently the ISU breeding program does not utilize genetic 
information to predict the RM of segregating lines during the development process. 
Licensing requirement input 
The Monsanto company received patent approval regarding a method to establish 
where a soybean cultivar should be grown by determining allelic combinations using 
molecular assays on September 30, 2014 (Jenkinson et al., 2014). While the process 
defined in Monsanto’s patent is not the same as using genome wide marker data to 
predict the exact maturity of a segregating soybean line, the possibility exists that there 
is not complete freedom to operate in this area and as such within the GPE tool, the user 
defines costs associated with licensing fees that would be due to Monsanto in order to 
use genetic information to predict the RM of a segregating line. For this exercise the cost 
of a license was set to a one-time fee of $25,000. 
Incremental 1YT entries needed to maintain the base BDE 
Several of the cultivar development scenarios evaluated by the GPE tool within the 
ISU breeding program have the plant pull generation conducted in PR. Prior to having the 
ability to predict RM using genetic information, the PR nursery location could not be used 
to support the plant pull generation as reasonably accurate estimates of RM could not be 
obtained. The use of RM prediction via genetic information allows PR to be used to 
support the plant pull generation. While analysis suggests that prediction accuracies for 
GS are equivalent to those obtained through phenotyping in early stages of development, 
the possibility does exist that prediction accuracies could in fact be lower. If this were the 
case, in order to maintain the BDE rate, a larger number of segregating lines would need 
to be evaluated during the 1YT generation in order to obtain the desired number of 
segregating lines by MG in the 2YT generation. The GPE tool allows the user to input the 
number of additional 1YTs that are needed to maintain the BDE rate, based off of the 
frequency of RMp that are within 5 days of RMv, and then calculates the associated 
incremental costs. 
Total program cost 
Total Program Cost (TPC) is calculated as the sum of the costs incurred by the 
breeding program for a specific cultivar development protocol from the point of crossing 
through Regional yield trials. The TPC cost then would be the sum of costs for; crossing, 
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rows utilized from the F1 through the plant pull generation, rows associated with the 
replicated field trial protocol, segregating lines placed in wrong 2YT trials, genotyping, 
licenses and incremental 1YTs needed to maintain a set BDE. 
 
Results 
A total of 110 breeding designs that represent the range of possible cultivar 
development scenarios that currently exist within the Iowa State University soybean 
breeding program were evaluated to determine both Total Program Cost (TPC) and 
Relative Breeding Design Efficiency (RBDE). Optimal breeding designs would be those 
designs that maximize RBDE while minimizing TPC. In a typical NA commercial soybean 
variety development program the fastest breeding pipeline designs have agronomically 
desirable segregating lines identified from replicated field trials in a given year 
immediately selected as parents and entered into a crossing block. Typically, replicated 
field trials are harvested during the months of September and October and the crossing 
block occurs immediately following during the months of November and December. The 
decision to wait to initiate crossing until the summer of the following calendar year results 
in an additional year to release a commercial cultivar, which often has significant financial 
implications for private breeding organizations. Since the financial implications of 
releasing a cultivar one year behind the fastest breeding design are not as clear in a 
public breeding program, two analyses were conducted with the GPE tool. The first 
analysis (analysis 1) determined the total number of years to reach regional trials as the 
number of years from the initiation of crossing to the regional yield trial (no additional year 
added for starting the crossing block in NA summer). The second analysis (analysis 2) 
penalized the use of a NA summer crossing block by adding one additional calendar year 
to all such breeding designs. 
Analysis 1 
The base breeding scenario cost was roughly $173,000.00 with a BDE of 3.82, the 
base scenario took a total of 6 years from crossing to reach the regional yield trial stage 
of testing. Three designs, scenarios 3, 62 and 72, (Figure 1) were identified that could be 
considered as optimal breeding designs. RBDE for the three designs were all 4.58 with 
total program costs ranging from $161,000.00 to $167,000.00. All three designs took only 
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a total of 5 years from crossing through the regional yield trial. Two out of the three 
breeding designs (scenarios 3 and 62) had the plant pull generation occurring during the 
F2 generation. Scenario 3 had crossing initiated in PR with the plant pull generation 
occurring in NA while scenario 62 had both the crossing and plant pull generations 
occurring in NA. The third design (scenario 72) had the crossing generation initiated in 
NA with the plant pull generation occurring during the F3 in the NA nursery. None of the 
three designs identified as optimal included the use of GS to predict RM. TPC increased 
by approximately $20,000.00 for the next set of designs that had the same RBDE as the 
three designs identified as optimal via analysis 1. Three of those designs, scenarios 66, 
2 and 5, included the use of GS to predict RM during the plant pull stage. Two designs 
were identified (scenario 61 and 62) that had RBDEs of 5.73 taking a total of 4 years from 
crossing to reach the regional yield trial stage, both designs had crosses started in NA as 
opposed to PR. Scenario 61 included the use of GS to predict RM during the plant pull 
generation which occurred in PR. The costs of these designs ranged from $189,000.00 
to $196,000.00. 
Analysis 2 
Due to the additional year penalty for initiating a crossing block in the NA summer, 
scenarios 62 and 72 were no longer identified as optimal designs in analysis 2. Scenario 
3 (Figure 2) remained the optimal breeding design in this analysis, with no change in TPC 
or RBDE. Similar to the results seen in analysis 1, TPC increased by roughly $20,000.00 
for the next designs, scenarios 61, 2 and 5, having the same RBDE as scenario 3. There 
was no change to scenario 61 from previously discussed, scenarios 2 and 5 had lines 
derived in the F2 and included the use of GS to predict RM. 
 
Discussion 
Both analyses identified optimal breeding designs as those designs that had the 
plant pull generation occurring early in the cultivar development process. All of the plant 
pull generations occurred in the NA nursery without the use of RM prediction. Having 
these type of design protocols identified as optimal is no surprise as they would clearly 
be associated with having the lowest TPC and number of years to reach regional yield 
trials. Future GPE tool improvement considerations should be focused on determining if 
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penalties need to be added to design scenarios that have segregating lines derived in 
early filial generations when heritability for traits such as relative maturity, yield and other 
desirable agronomic attributes is low. Within the current version of the GPE tool, the 
number of segregating lines evaluated during each stage of population development and 
testing within the ISU breeding program is accurate, however the costs entered for each 
service offering are only estimates and as such more work needs to be done before 
decisions regarding changes to current breeding processes are made based off of GPE 
tool outputs. 
 
Conclusions 
The Genomic Prediction Evaluation tool represents one of the first attempts to use 
principles of OR in order to determine if the use of GP to predict complex phenotypes 
such as RM should be implemented in support of a plant breeding program. Though all 
variables and cost of service offerings that exist in the current version of the tool need 
further review, none of the designs identified as being optimal included the use of GP to 
predict RM. While program wide implementation of RM prediction in support of the ISU 
breeding program would likely be associated with an increased cost of approximately 
10%, the associated increases in RBDE could provide financial benefits and thus should 
also be considered when making program decisions. Slight modifications to the existing 
version of the tool may well provide the breeding program the opportunity to identify more 
efficient breeding designs as compared to the current design implemented. Modifications 
may also allow the breeder to appropriately evaluate the implementation of GS to predict 
and make selections for additional complex phenotypes such as disease resistance and 
yield.  
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Figure 3. Scatter Plot Analysis of ISU Breeding Designs- Analysis 1 
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Figure 4. Scatter Plot Analysis of ISU Breeding Designs- Analysis 2
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